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(ABSTRACT)

The main objective of this research is to develop an innovative multi-fidelity multi-disciplinary
design, analysis and optimization suite that integrates certain solution generation codes and
newly developed innovative tools to improve the overall optimization process. The research
performed herein is divided into two parts: (1) the development of an MDAO framework by
integration of variable fidelity physics-based computational codes, and (2) enhancements to
such a framework by incorporating innovative features extending its robustness.
The first part of this dissertation describes the development of a conceptual Multi-Fidelity
Multi-Strategy and Multi-Disciplinary Design Optimization Environment (M3 DOE), in context of aircraft wing optimization. M3 DOE provides the user a capability to optimize configurations with a choice of (i) the level of fidelity desired, (ii) the use of a single-step or
multi-step optimization strategy, and (iii) combination of a series of structural and aerodynamic analyses. The modularity of M3 DOE allows it to be a part of other inclusive
optimization frameworks. The M3 DOE is demonstrated within the context of shape and
sizing optimization of the wing of a Generic Business Jet aircraft. Two different optimization objectives, viz. dry weight minimization, and cruise range maximization are studied
by conducting one low-fidelity and two high-fidelity optimization runs to demonstrate the

application scope of M3 DOE.
The second part of this dissertation describes the development of an innovative hybrid optimization framework that extends the robustness of M3 DOE by employing a proper orthogonal decomposition-based design-space order reduction scheme combined with the evolutionary algorithm technique. The POD method of extracting dominant modes from an
ensemble of candidate configurations is used for the design-space order reduction. The snapshot of candidate population is updated iteratively using evolutionary algorithm technique
of fitness-driven retention. This strategy capitalizes on the advantages of evolutionary algorithm as well as POD-based reduced order modeling, while overcoming the shortcomings
inherent with these techniques. When linked with M3 DOE, this strategy offers a computationally efficient methodology for problems with high level of complexity and a challenging
design-space. This newly developed framework is demonstrated for its robustness on a nonconventional supersonic tailless air vehicle wing shape optimization problem.
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Chapter 1

Introduction

1.1

Motivation

The product design departments in aerospace industry and research institutions are often
organized by specialized areas of different disciplines. For example, in the aerospace industry a development project typically comprises of the aerodynamics group, controls group,
structures group, and the propulsion group. These groups are often physically separated
and the intra-organization communication during the product development process can be
typically described as throwing things over the wall. Historically this counter-collaborative
approach did not pose a problem since the designs kept the disciplines orthogonal. For example, the mutual influence between aerodynamics and structures was limited and occurred
primarily through loads. Thus there was no need and little to be gained by integrating the
two domains.
1
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The focus of the aerospace industry has since long been aimed at developing air vehicles
with improved performance while attempting to reduce the airframe weight as well as the
manufacturing and operational costs. A current trend in the defense aerospace applications
also aims at designing the air platforms to have multi-functional mission readiness, expanded
flight envelopes, increased payload capabilities, higher operating speeds and increasingly
stealthy cross-sections for reduced radar signatures. In civilian airspace, recent attention to
environmental concerns forces the aircraft designers to simultaneously consider reductions in
cabin noise (as perceived inside of aircraft) and engine exhaust noise (as perceived outside of
aircraft), sonic boom, NOX emissions and to extend the fuel efficiency. The aircraft design
process is thus constrained by the requirements on air vehicles to be increasingly efficient,
without compromising the need for a better performance.
With performance requirements becoming more stringent and with the need for robust,
optimum and cost effective designs, it is no longer proper to consider the design domains orthogonal. In fact, the process of developing a conceptual design for advancements in current
generation air vehicles or prototypical future generation complex-shape platforms requires a
multitude of disciplines to work towards a common goal of an improved and robust design.
Thus the process now requires that organizations be integrated, with extensive collaboration.
And hence, Multi-disciplinary Design, Analysis and Optimization (MDAO) is increasingly
becoming a tool of importance in the overall design process of air vehicles. Although it finds
applications in all the three stages of an aircraft design (viz. (i) conceptual, (ii) preliminary
and (iii) detailed final design), MDAO’s significant contribution is primarily important to
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the conceptual design phase. During any aircraft design cycle, the conceptual design phase
is the most challenging step, since it is constrained by the requirements on the aircraft to be
increasingly efficient, without compromising the need for a better performance. For developing a conceptual design with such improvements, the designer must consider a multitude
of configurations with conventional and non-conventional geometries for an improved and
robust design.
Furthermore, the cost-effective, environmentally acceptable and improved-performance design of an aircraft needs to be developed from the system level, not at the individual component level followed by the assembly of these components. In other words, this new aircraft
design requires a system-level optimization consisting of many simultaneous disciplines. The
interactions amongst these usually conflicting disciplines necessitate an integrated approach,
wherein, the designer can select an appropriate optimization strategy and analysis tools with
an appropriate fidelity. This enables the designer to obtain an optimum design with desired
accuracy within the allowable product development time and resource constraints. There are
some noteworthy truly multi-disciplinary design optimization methodologies (such as [1], [2],
[3])that reach the optimal design by concurrently considering various mutually dependent
design parameters from an array of different co-existing disciplines.
A limitation of some of the current commercial MDAO environments (such as [4], [5], [6],
etc.) is that they are prominently dependent on direct geometry parameterization techniques,
which limit the possibility of having an optimizer converge to a truly non-conventional vehicle
configuration unless a large number of physical shape Design Variables (DVs) are used. To

3
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encompass a wider arena of configuration shapes, a designer then has to increase the number
of physical shape DVs in the optimization process to enhance the generality of the design
space. Such an increased number of shape DVs not only complicates the overall optimization
scheme, but also increases the computational time exponentially[7], thus jeopardizing the
usability of the whole process.
Furthermore, in case of non-conventional air vehicle configurations, the design domains are
typically very complex. Such a complex design domain was observed in the wing optimization
study, (presented in Chapter 3), during the development of the multi-fidelity multi-strategy
multi-disciplinary design optimization framework of M3 DOE. The use of a non-gradient
based optimization method was thus rendered necessary. In the same study, it was also
observed that the time required for the overall optimization problem to converge was considerable, since the non-gradient based optimization method had to analyze a significant
number of configurations for a thorough exploration of the design space.
As a designer attempting to design a non-conventional aircraft configuration, all of these
concerns necessitate the need for a more innovative and highly generalized geometry parameterization technique that can efficiently reduce the total number of design variables needed
for optimization, while capturing an array of possible aircraft configurations. Hence, the
effort presented in the second part of this dissertation aims to further enhance the developed MDAO environment of M3 DOE with a reduced order design-space scheme based on
the Proper Orthogonal Decomposition (POD) technique that can significantly reduce the
number of shape DVs, coupled with the evolutionary algorithm.

4
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1.2

Objectives and Scope

The objective of the development of any MDAO framework is to generate a ’central executive’ that can integrate various physics-based solution generation software packages in a
cross-platform network environment to quickly perform the optimization and design tasks
in a cohesive streamlined manner, while improving its robustness with inherent innovative
additions. The important factors that make an MDAO framework truly robust are:

1. Choice of variable-fidelity design/analysis tools: This category includes the
design/analysis tools that offer the designer a choice of fidelity relevant to the design
stage. It also includes the other concurrent tools, which ease the overall optimization
effort, (such as the commonality of input for synergistic execution, on-demand change
in fidelity, etc.)
2. Innovative scheme for accelerated convergence: For a conceptual design optimization wherein a multitude of designs have to analyzed, the designer needs an
innovative scheme for accelerating the convergence, while not neglecting any of the
design variables.
3. System-level Integration tools: For a seamless coupling of all the design/analysis
and adjoining tools, a system-level integration framework is very important. Such an
integrator facilitates the easy data-flow amongst component design tools, and offers
many ’design-routes’ to the designer pertinent to the level of design cycle.

5
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4. Technology Demonstration for Advanced Concepts: The design of advanced
aircraft concepts with non-conventional platforms is challenging, because, historic
datasets based on empirical relations may not be valid for such configurations. A
robust MDAO framework allows for maintaining a technology investment portfolio of
advanced concepts, so that the designer can interactively assess the important design
factors and be able to perform the trade-studies for making informed decisions.

With these focus areas in mind; this research effort aims at making a solid contribution to the
current generation of MDAO frameworks and the multi-disciplinary optimization community
in general, by developing a robust hybrid MDAO framework that fully leverages the expertise
and concurrently ongoing research. More precisely, the objectives of the research performed
herein are twofold: (1) the development of a truly multi-disciplinary and multi-strategy
optimization framework by synergistic integration of physics-based computational codes of
variable fidelity, and (2) enhancements to such multi-disciplinary optimization framework
by incorporating innovative features that extend its robustness, such as a proper orthogonal
decomposition based design-space order reduction scheme combined with the evolutionary
algorithm technique. A brief chapter-wise outline of the dissertation is given below.
Chapter 2: Multi-fidelity Multi-strategy Multi-disciplinary Design Optimization
Environment
This chapter explains the program architecture and the development of Multi-fidelity Multistrategy Multi-disciplinary Design Optimization Environment (M3 DOE). It provides a brief
literature review of the multi-disciplinary optimization pertaining to the aero-structural opti6
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mization, thus highlighting the need for development of M3 DOE. It also explains the solution
generation software that comprise the M3 DOE. The multi-fidelity and multi-strategy nature
of M3 DOE is also explained. It should be noted that the acronym DOE herein refers to ’Design Optimization Environment’ and should not be confused with ’Design of Experiments’.
Chapter 3: Wing Shape + Sizing Optimization of GBJ Wing using M3 DOE
Once the M3 DOE framework is developed based on the program architecture explained in
Chapter 2, it is demonstrated in this chapter for its robustness by performing a wing shape
+ sizing optimization of a Generic Business Jet (GBJ) wing. The details of GBJ aircraft
configuration and its finite element model as well as the aerodynamic model are explained.
The optimization problem setup is described next, with the related objective functions and
constraints well-defined. A 12-step ’Function Evaluation Process’ is also explained in detail.
The results of two different optimization problems, viz. dry weight minimization, and cruise
range maximization, by conducting one low-fidelity and two high-fidelity optimization runs
are presented next with relevant discussion about the merits and shortcomings of M3 DOE.
Chapter 4: Development of an Innovative Hybrid Optimization Framework
Based on the lessons learned from the GBJ wing optimization, this chapter throws light on
the need for improvements to M3 DOE by augmenting it with the innovative features such
as the POD-based design-space order reduction scheme and fitness-based evolutionary algorithm strategy. A brief literature review of POD-based reduced order modeling is presented,
followed by the explanation of theory of performing Proper Orthogonal Decomposition using
the Singular Value Decomposition technique. The benefits as well as shortcomings of POD7
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based order reduction are then discussed. A fitness-based evolutionary algorithm strategy is
then developed to overcome the shortcomings of POD-based order reduction technique. The
program architecture of this new hybrid optimization framework is explained next.
Chapter 5: Shape + Sizing Optimization of STAV Wing
This chapter explains the implementation of the hybrid optimization framework to perform
the wing shape + sizing optimization of a generic Supersonic Tailless Air Vehicle (STAV)
platform. The details of the STAV aircraft are explained along with the pertaining computational models. The optimization problem setup is presented next, with discussion about
the design variables chosen, the objective function and the constraint functions. The results
of the three optimization problems conducted are presented to clearly exhibit the robustness
of the developed hybrid optimization framework.
Chapter 6: Summary and Conclusions
This chapter provides a summary of the research and development performed under this
effort. Significant conclusions drawn from the above-mentioned results are outlined. The
scope for future work is also pointed out.
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Chapter 2

Multi-fidelity Multi-strategy
Multi-disciplinary Design
Optimization Environment

As mentioned earlier, the process of developing a conceptual design for advancements in
current generation air vehicles or prototypical future generation complex-shape platforms
requires a multitude of disciplines to work towards a common goal of an improved and
robust design, which is multi-functional, cost effective and structurally viable yet has a
lighter weight. To achieve such diverse goals, the aerospace industry is constantly seeking advanced multi-disciplinary design and optimization tools that can work together for
application in complete air vehicle design/analysis. The process of optimization (whether
single-disciplinary or multi-disciplinary) from an earlier nascent stage is hence becoming
9
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functional in all aspects of a design phase. A little retrospect in the process of maturation
of such initial single-disciplinary stand-alone optimization techniques to more cohesive and
complex multi-disciplinary optimization schemes can highlight the existing needs in the design tool requirements, which can then be used as an indicator for the development of a
broader and truly multi-disciplinary design and optimization environment.

2.1

Background

Schmit, Jr. [8] was the first to propose a structural synthesis concept, thus elaborating
the first engineering application of mathematical programming to structural optimization.
Since then, an array of different disciplines have been added to the realm of optimization
framework, which are of interest to the aerospace industry; viz. aerodynamic optimization,
structural optimization with aeroelastic constraints, coupled aero-structural optimization,
aeroservoelastic optimization, etc.
A detailed literature review of these various optimization disciplines of interest is presented
below. The extension of optimization concept from structural optimization to aerodynamic
optimization started in mid-1960s. Using mathematical programming, Miele [9] explored
the optimum aerodynamic shapes with mathematical models having one and two design
variables. Hicks et al. [10] carried out an assessment of airfoil design by numerical optimization. Hicks and Vanderplaats [11] designed low-speed airfoils with numerical optimization.
Dutt and Sreekanth [12] extended numerical optimization techniques to design supersonic
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airfoils. Hicks and Henne [13] further employed numerical optimization for a subsonic wing
design. With the advent of more complex computational fluid dynamics (CFD) techniques,
Huffman et al. [14], Baysal and Eleshaky [15], and many others explored the aerodynamic
optimization with CFD as the response generation tool.
Along similar lines, in order to include structural optimization in the problem, a coupled aerostructural optimization method for complete aircraft configurations was proposed by Reuther
et al. [16] whereas, a scheme of complete configuration aero-structural optimization using a
coupled sensitivity analysis method was developed by Martins and Alonso [17]. In another
effort, Leoviriyakit and Jameson [18] demonstrated aero-structural wing optimization of a
Boeing 747 wing, with a combined objective of weight and drag reduction. Morris, Allen
and Rendall [19] performed the wing design by aerodynamic and aeroelastic (gradient-based)
shape optimization.
A truly multi-disciplinary optimization scheme is different in that it is not a mere sequential
execution of single-disciplined optimization followed by another single-disciplined optimization. Instead, a truly multi-disciplinary optimization scheme is a design methodology that
reaches the optimal design by concurrently considering various mutually dependent design
parameters from panoply of relevant co-existing engineering disciplines. A very thorough
multi-disciplinary optimization scheme of early-stage configuration design for a blended-wing
body aircraft was presented by Wakayama [3]. In another such effort, Gur et al. [2, 20] developed and utilized an extensive conceptual MDAO framework for designing a truss-braced
wing aircraft.

11
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An interesting approach to achieve a balance between computational cost and reliability by
employing variable fidelity levels (termed as ’Variable Complexity Modeling (VCM)’) was
applied by Giunta et al. [21] in conjunction with response surface approximation for wing design of High Speed Civil Transport (HSCT) aircraft. In this effort, the computational models
of different levels of fidelity were simultaneously used and the low fidelity models were periodically corrected based on higher-fidelity models in a sequential approximate optimization
process. A significant effort of an HSCT wing multi-disciplinary design optimization, which
is on parallel lines to the supersonic tailless air vehicle’s wing optimization (as explained in
Chapter 5) was conducted by Balabanov et al. [22], Giunta et al. [23], Knill [24], and Giunta
[25].
Another notable MDAO tools that warrant a mention are the ‘Object-Oriented Optimization’
tool, under development at NASA Dryden Flight Research Center by Pak et al.[26] and the
extensive MDAO environment (openMDAO) under development jointly at NASA Glenn and
Langley Research Centers [1].
A major limitation of many of the currently commercially available multi-disciplinary optimization environments (MDOE) is the over-simplification of some or all of analyses disciplines involved. For example, software such as AVID-ACS [4], DARCorp-AAA [5], OAD-ADS
[27], FLOPS [28] etc. employ simplified aerodynamics and simplified structural weight prediction methods based on empirical databases. Such a simplification of disciplines has also
been extensively studied in literature, and a good review of such various multidisciplinary
aerospace design optimization techniques was presented by Sobieski and Haftka [29].
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A practical MDOE should encompass the appropriate fidelity for all of the involved disciplines. Although many of the above-mentioned multidisciplinary optimization applications
combine various disciplines, they do not possess the capability to deal with the different levels of fidelity required for making robust design decisions during different phases of vehicle
synthesis. For example, even though the initial stage of a vehicle synthesis process does
not call for high-fidelity analyses owing to their high computational costs, many current
multidisciplinary optimization applications do not provide user the choice of multi-fidelity
analyses options. Furthermore, the user needs a choice of different strategies while performing optimization to better utilize the development time during each phase. For example, a
detailed structural sizing optimization can be deferred till the preliminary design stage of
synthesis, while an emphasis is given to the shape optimization of the air vehicle outer mold
line during the initial conceptual design stage.
The motivation behind this part of the research is to develop a multi-fidelity multi-strategy
and multi-disciplinary design optimization environment, as shown in Fig. 2.1, that allows
the designer to select an appropriate optimization strategy, and an aerodynamic method
with an appropriate fidelity, to obtain an optimum design with desired accuracy within the
allowable design development time constraint.
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Figure 2.1: The Multi-Fidelity, Multi-Strategy and Multi-Disciplinary Design Optimization
Environment

2.2
2.2.1

M3 DOE Program Architecture
Analysis Codes involved for Multi-Disciplinary Analyses in
M3 DOE

The M3 DOE framework aims to assemble the computational tools used for different disciplines, such as aeroelasticity, structural analysis, aerodynamics, aircraft performance, etc. It
currently combines a suite of software by Zona Technology, Inc. (ZONA)[30], as outlined in
Table 2.1.
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Table 2.1: ZONA codes involved in M3 DOE

Analysis Code

Functionality

ZAERO

Aeroelastic/aeroservoelastic analysis with linearized steady/ unsteady
aerodynamics

ZEUS

Aeroelastic analysis with Euler solver and boundary layer option

ASTROS

Nastran-based finite element analysis and optimization with aeroelastic
constraints

ZMORPH

Boundary element method for morphing finite element model

ZLINK

Shape design variable linking scheme

1. ZAERO
ZAERO is a complete aerodynamic/aeroelastic methodology that covers the entire
flight regime from subsonic to hypersonic speeds and is the linearized aerodynamic/aeroelastic
capability for complex 3D flight vehicles. It imports externally computed structural
normal modes solutions generated by the commercial finite element software such as
MSC.Nastran, ANSYS, ABAQUS, etc. and couples these normal modes solutions
with ZAERO’s steady/unsteady aerodynamics for aeroelastic analysis. The unified
steady/unsteady aerodynamic capability of ZAERO is provided by five aerodynamic
methods; namely, ZONA6 [31] for subsonic, ZTRAN [32] for transonic, ZSAP [33] for
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sonic, ZONA7 [34] for supersonic and ZONA7U [35] for hypersonic Mach numbers. All
five methods share the same aerodynamic model with the same input format.
2. ZEUS: ZONA’s Euler Unsteady Solver
ZEUS [36] is an Euler solver with a boundary-layer coupling option, overset mesh
capability, and an automated mesh generation scheme for aeroelastic applications to
complex 3D configurations. The boundary-layer coupling in ZEUS is based on lag
entrainment method [37]. The great feature of ZEUS pertaining to M3 DOE is that the
surface mesh (as in ZAERO) is the only required input for the aerodynamic modeling
of ZEUS, and thus, the automated mesh generation scheme greatly reduces the mesh
generation effort and allows a rapid change of optimum sized mesh, during each design
function evaluation. The extensive commonality of input data between the CFD-based
ZEUS and the linear ZAERO code allows for efficient multi-fidelity approach to a design
and optimization environment, where system models of different levels of fidelity (and
different computational costs accordingly) are used at different stages of the vehicle
synthesis process.
3. ASTROS: Automated STRuctural Optimization System
ASTROS [38] is a proven engineering design/optimization software which includes most
of the disciplines that impact a structural design, and can simultaneously design for
strength, flutter, displacement and other similar requirements. Based on NASTRAN
input format, ASTROS combines finite element modeling and analysis techniques with
efficient optimization schemes. ASTROS also allows the designers to exploit the bene16
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fits of anisotropic composite materials, by designing for challenging strength and stiffness requirements, as in aeroelastic tailoring. The function of ASTROS in the M3 DOE
is to perform the structural sizing of the design configuration subjected to specified extreme condition aeroelastic loads and to compute the optimized weight that is involved
in the performance constraints for shape optimization.
4. ZMORPH: ZONA’s Software for Morphing Structural Finite Element Model
ZMORPH [39] was developed as a parameterization method that is based on an elastostatic formulation to establish a geometric relationship between a given computational
mesh and a set of fictitious boundary element model (BEM) grid points and later was
shown to be able to morph a given computational mesh for a desired shape change.
ZMORPH morphs a given finite element model (FEM) for a desired shape change by
first creating a fictitious boundary element model such as a box, called the BEM box
that embodies all the grid points of the FEM. ZMORPH can automatically join multiple BEM boxes for a fuselage-wing-tail type complex configuration using a multi-block
BEM technique by imposing the displacement and traction compatibility conditions at
the interface grid points between two connected boxes. This multi-block BEM technique greatly reduces the modeling effort for complex configurations. An inherent
technical merit for M3 DOE is that ZMORPH does not add nor delete grids from the
initial FEM and keeps the connectivity of the elements intact. This is an important
feature for the structural sizing optimization because the number of stress constraints
being imposed on each element must be invariant. In addition, since the computation
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of the aeroelastic constraint requires the spline to connect the structural and the aerodynamic grid points, the input for spline setup is also invariant only if the connectivity
of the FEM is intact. Thus, ZMORPH is a very efficient parameterization method that
is highly suitable for M3 DOE.
5. ZLINK: Shape Design Variable Linking Scheme
The function of ZLINK in M3 DOE is to establish the connectivity conditions among
pre-specified components in the configuration.

The shape design variable linking

scheme incorporated in ZLINK is generalized to handle any possible connectivity conditions among components in the configuration by first allowing the user to select a
set of shape design variables from the input geometric parameters of the macroelements. These selected shape design variables are divided into the dependent and
independent shape design variables. The user then can define a set of algebraic equations in ZLINK to express the dependent shape design variables as functions of the
(optimizer-controlled) independent shape design variables. ZLINK has been incorporated into ZAERO, ZAERO-DO, ZEUS, ZEUS-DO and ZMORPH. Because all these
ZONA codes employ similar parametric macroelements to define the input geometry,
they can share the same independent shape design variables defined by ZLINK. During the shape design/optimization, once the independent shape design variables are
changed by the optimizer, the aerodynamic model of ZAERO, ZAERO-DO, ZEUS,
and ZEUS-DO, as well as the ASTROS structural model through the change of the
ZMORPH model, are modified accordingly. Thus, with the same set of shape design
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variables, the optimizer can launch a set of aerodynamic and structural jobs through
ZLINK to obtain the aerodynamic, aeroelastic and structural responses for objective
function and constraint function evaluations.

2.2.2

Multi-Fidelity Aerodynamic Methods

As mentioned earlier, an important aspect of current M3 DOE is its capability to deal with
the different levels of fidelity required for making robust design decisions during different
phases of vehicle synthesis to obtain an optimum design with desired accuracy within the
allowable design development time constraint. Thus, in this environment, three types of
aerodynamic methods are available to the designer that represent three levels of fidelity.
These Methods are described below.

1. Low Fidelity Method
The linear panel methods in ZAERO including ZONA6 for subsonic, ZSAP for sonic,
ZONA7 for supersonic and ZONA7U for hypersonic Mach numbers are classified as
the low fidelity steady/unsteady aerodynamic methods. Typically, these methods solve
the linear potential equation to generate an Aerodynamic Influence Coefficient (AIC)
matrix for a complex configuration such as a complete aircraft with external stores,
which can then be plugged into the downstream aeroelastic and ASE modules for
open-loop/closed-loop flutter analysis, trim analysis, gust loads analysis, and nonlinear
flutter analysis. Since the AIC matrix contains only the aerodynamic characteristics

19

Chapter 2 - M3 DOE: Program Architecture
and is independent of the structure, once generated it can be repeatedly used in a
structural sizing optimization when the outer mold line is fixed. Thus, these low fidelity
methods are the ideal tools to be used at the design stage where a large number of
different design concepts need to be studied.
2. Medium Fidelity Method
The ZTRAN method in ZAERO for transonic unsteady aerodynamics is classified as
the medium fidelity method. The steady background flow solution required by ZTRAN
is provided by the ZEUS steady aerodynamic analysis. Similar to the low fidelity
methods, once the AIC matrix is generated, it can be repeatedly used in a structural
sizing optimization but additionally, the transonic shock effects are accounted for in
the unsteady aerodynamics.
3. High Fidelity Method
ZEUS is classified as the high fidelity method for both steady and unsteady aerodynamic response generations. ZEUS can provide a consistent set of steady and unsteady
aerodynamics to simultaneously evaluate the performance and aeroelastic constraints.
However, upon a change in the structure, the unsteady aerodynamics of ZEUS need
to be regenerated. Therefore, in M3 DOE, ZEUS is executed with a cluster of highperformance computers to concurrently compute the aerodynamics of all shape-variable
configurations at each design cycle.

20

Chapter 2 - M3 DOE: Program Architecture

2.2.3

Multi-Strategy Optimization Techniques

The idea of the multi-strategy optimization approach is based on the fact that for a shape
optimization problem involving topology optimization, the design variables can be classified
into three different types. The design variables that control the outer mold line of the configuration can be classified as the shape design variables, the design variables that determine
the shape of the internal structures such as spars and ribs can be classified as the topology
design variables and the thicknesses of the elements (or the ply thicknesses if composite
material is used) in the finite element model can be classified as the sizing design variables.
These three types of design variables naturally lead to three optimization strategies that can
be selected by the designer to maximize the efficiency and performance of the optimization
process; thereby improving the air vehicle design.

1. One-Step Optimization
In the one-step optimization approach, all three types of design variables are directly
controlled by a single optimizer to create a very complex optimization problem. This
one-step approach could be computationally inefficient and may not provide the designer sufficient information to gain physical insight of the design domain being studied.
2. Two-Step Optimization
This is a two-layer optimization strategy where the outer layer optimizes the outer
mold line (shape) and the inner layer designs an optimum structure (sizing). Each
layer is controlled by an individual optimizer with different design variables, objective
21
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and constraint functions. The shape design variables are assigned to the outer layer
optimizer whose objective function could be one of the performance parameters and
constraint functions could be other performance parameters. In the inner layer, sizing
design variables are defined as the design variables to minimize the weight of the
structure while subjected to the strength, buckling, and aeroelastic constraints. The
work presented in this dissertation falls under the category of two-step optimization
strategy.
3. Three-Step Optimization
For the three-step optimization approach, the shape design variables, the topology
design variables and the sizing design variables are respectively controlled by three
optimizers in the outer layer, the middle layer and the inner layer; rendering a threelayer optimization strategy. The difference between a Three-Step Optimization Strategy
and a Two-Step Optimization Strategy lies in the fact that, for a three-step approach,
the objective and constraint functions of middle and inner layer optimizers could be
different from each other.

2.2.4

Program Architecture of Two-Step M3 DOE

Figure 2.2 presents the program architecture of a two-step M3 DOE that contains an outer
layer optimizer, an inner layer optimizer and a central analysis module consisting of several multi-disciplinary sub-modules for function evaluations. The optimizer software, in the
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current study VisualDOC [40], drives the central analysis module to achieve an optimized solution using either the gradient-based, non-gradient based (genetic algorithm, particle swarm
method) or a hybrid optimization method.
In this process, optimizer invokes the function evaluation for response generation by passing
the necessary modified design variables to the central analysis module. Based on an initial
FEM and an initial aerodynamic model, the model updater executes ZLINK to update the
FEM (using ZMORPH) and the aerodynamic model, according to the design variables provided by the outer layer optimizer. Then, an ASTROS modal analysis and a ZEUS steady
aerodynamic analysis are performed. The weight and center of gravity (C.G.) computed by
ASTROS and the aerodynamic forces and moments computed by ZEUS are used to calculate
the performance parameters such as the lift-to-drag ratio, the cruise range, the stability margin, etc. These performance parameters are fed back to the outer layer optimizer to evaluate
the objective function and the performance constraints. Meanwhile, the mode shapes and
the generalized mass and stiffness matrices are imported into ZAERO or ZEUS for unsteady
aerodynamics generation. Here, the designer can select an appropriate aerodynamic method
from the low fidelity, medium fidelity and high fidelity methods. If ZTRAN is selected, the
steady background flow can be obtained from the ZEUS steady aerodynamic analysis. As
mentioned earlier, if the gradient-based optimization or the hybrid optimization scheme is selected in the outer layer optimizer, ZAERO-DO/ZEUS-DO is used to replace ZAERO/ZEUS
for generating the unsteady aerodynamics and their shape sensitivities. These unsteady aerodynamics (and shape sensitivities if gradient information is needed) are then plugged into
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the aeroelastic/ASE module to compute the static aeroelastic/trim, flutter, ASE and the
dynamic loads responses (and shape sensitivities).
At this point, the designer can select the one-step or the two-step optimization approach.
The generated responses are fed back to the outer layer optimizer if the one-step optimization
approach is used or to the inner layer optimizer if the two-step optimization approach is used.
For the two-step optimization approach, the inner layer optimizer will continue to update the
sizing design variables until a converged ’sized’ solution is obtained. During each iteration in
the inner loop, the AIC matrix computed at the first iteration is reused to rapidly generate
the unsteady aerodynamics of the updated structure if the low fidelity or medium fidelity
aerodynamic method is used, since the outer mold-line of the configuration does not change
during the inner-layer optimization. However, for the high fidelity aerodynamic method, the
ZEUS unsteady aerodynamics must be recomputed during each iteration.
Once the inner layer optimization is converged, the weight and C.G. of the updated structure
are used to re-compute the performance parameters. These performance parameters are then
fed into the outer layer optimizer for the shape optimization of the next design cycle.
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Figure 2.2: Program Architecture of M3 DOE
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Chapter 3

Wing Shape + Sizing Optimization of
GBJ Wing using M3 DOE

3.1

Optimization Problem: Model Definition

The M3 DOE developed as explained in Chapter 2 was employed for demonstration within
the context of two-step (shape and sizing) optimization of the wing of a Generic Business
Jet (GBJ) aircraft, subjected to typical performance, physical and stability constraints. The
baseline GBJ model chosen for demonstration is a close derivative of Gulfstream’s G500 [41],
a popular business jet. Fig. 3.1 shows a comparison of the overall geometry between the
Gulfstream G500 business jet and the baseline GBJ model.
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Figure 3.1: Geometry Comparison between Gulfstream G500 and GBJ

Table 3.1: Comparison of physical and performance parameters between G500 and Baseline
GBJ Model

Property

Gulfstream G500

Baseline GBJ

Dry Weight

54,500 lb

52,972 lb

0.85 Mach Cruise Range

5,869 miles

6,050 miles

Take-Off Distance

5,150 ft

5,891 ft

CD at 1G trim

0.0277

0.0275

Table 3.1 shows a comparison between the weight, cruise range at M=0.85, take-off distance
and CD at cruise of the G500 and the baseline GBJ model. The agreement in these physical
and performance parameters indicates that the baseline GBJ model represents a reasonably
realistic configuration as the initial starting point for shape optimization.
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Figure 3.2: ZEUS Mesh for the Baseline GBJ Model
The aerodynamics involved in the range and take-off distance performance equations for the
GBJ model are computed by ZEUS steady Euler solver with boundary layer option. As
shown in Fig. 3.2, three blocks of overset mesh are used by ZEUS to model the wing and
fuselage, the horizontal tail and the engine nacelle and pylon, respectively. Since only a half
span configuration is modeled, the vertical tail is removed from the ZEUS mesh to reduce
the computational time. The total number of grid points of the ZEUS mesh is 173,375.
The ZEUS generated pressure coefficient (CP ) distribution on the baseline GBJ model at
M=0.85 and 1-G trim condition is shown in Fig. 3.3. The detailed resolution the pressure
distribution as seen in Fig. 3.3 indicates a healthy and sufficiently fine mesh. The CPU
time of this ZEUS steady computation using two processors for the parallelized Euler solver
is slightly less than 25 minutes, showing that ZEUS is a very efficient code that is ideally
suited for the shape optimization.
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Figure 3.3: CP Distribution on the Baseline GBJ Model at M=0.85 and 1-G Trim Condition

Figure 3.4: Details of GBJ Finite Element and Aerodynamic Model
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Figure 3.4 shows the GBJ ASTROS finite element model used for structural sizing optimization, as well as the aerodynamic model to compute aeroelastic constraints such as flutter
onset. The wing skins are made of a graphite/epoxy composite with ply orientation at
[0/+45/-45/90] and the spars and ribs are modeled as made of Aluminum. The wing structure is subjected to stress, strain and flutter constraints for weight minimization. The steady
aerodynamics are computed by ZEUS to provide the trim loads and the flutter solutions to
the optimizer. A two-step optimization strategy is employed during each ASTROS sizing
optimization run. The first step is to consider only the strain and stress constraints in a Fully
Stressed Design (FSD) optimization that can quickly reduce the weight and improve the design space and convergence. The second step is to apply the gradient-based Mathematical
Programming (MP) method that can include all constraints (stress, strain and flutter) to
the optimization computation.

3.1.1

Shape Design Variables

For the demonstration purpose of M3 DOE presented herein, four shape design variables
were selected to optimize the main wing geometry of GBJ model. These four shape design
variables are the wing tip chord length (ct ), sweep angle (Λ), wing semi-span (b/2), and
the airfoil thickness ratio (t/c). The values of these shape design variables for the baseline
GBJ model are shown in Fig. 5.4. It should also be noted that the selected airfoil section
of the main wing is a NASA SC(2)-0410 supercritical airfoil that can reduce the transonic
wave drag to achieve the desired range requirement. In order to keep the design within a
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reasonable domain, side constraints are imposed on these four shape design variables. The
lower and upper bounds of these side constraints are listed in Table 5.2.

Figure 3.5: Four Shape Design Variables for the Shape Optimization of the GBJ Model

Table 3.2: Side Constraints of the Four Shape Design Variables

Shape DV No.

Shape DV Name

Lower Bound

Upper Bound

1

Tip Chord Length (in)

50.0

282.0

2

Sweep Angle (deg)

0.0

60.0

3

Half-Wing Span (in)

400.0

650.0

4

Airfoil Thickness

8.5%

12.5%
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3.1.2

Definition of the Objective Function

It is a well-known fact that both; the manufacturing costs and operations costs of an aircraft
are directly proportional to the dry weight of the aircraft. For this reason, dry weight
minimization of the GBJ is selected as the first objective in the optimization process. To
calculate the dry weight of the aircraft that does not violate any safety regulations imposed
by the authorities, it is required that the designer performs at least a structural sizing
optimization with the strength and flutter constraints. The strength constraints are imposed
on the structural FEM subjected to a set of critical design loads that could include the static
loads and dynamic loads.
For the GBJ model, the critical design loads are computed by a ZEUS trim analysis to satisfy
a 2.5G trim condition at M=0.85. The ZEUS trim module outputs the loads at the structural
degrees of freedom in terms of the FORCE and MOMENT input cards that can be directly
imported into ASTROS. In the ASTROS sizing optimization, a 1.5 factor of safety is further
applied to the imported loads and these amplified loads are applied to the structural FE
model to calculate the strength constraints. The dry weight of this size-optimized structure
is then used to evaluate the objective function as well as the performance constraints. In
this optimization scheme, aircraft range was assigned as a constraint, to ensure that the
optimized configuration would not have lesser range than the baseline GBJ.
As an alternative objective to the dry weight, it was decided to choose one of the performance
parameters such as the maximum cruise range as the objective function to be maximized. It
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should be noted that although the range maximization is posed as a separate optimization
problem herein, range acts as an equality constraint during typical aircraft wing optimization
studies. The equations used to calculate range (and other performance criteria) are given in
the following section. It should further be noted that M3 DOE is also capable of handling
a multi-objective optimization strategy, with specific weights (importance factors) assigned
to each objective, for example, major weight minimization while maximizing range slightly,
keeping the other performance comparable, etc.

3.1.3

Definitions of the Constraint Functions

Four constraints, comprising of two performance constraints, one stability constraint and
one physical constraint defined as follows, were included in the shape optimization problem:

1. Cruise Range at Mach Number M=0.85 and Altitude H=40,000 ft
The Breguet range equation of a jet aircraft flying at constant airspeed and constant
CL can be expressed as follows.
CL 1
. .ln
R = V.
C D cf
r
V

= M.Va0 .



T
T0

Wi
Wf
!


(3.1a)
(3.1b)

where, in Eq. (3.1a) CL and CD are the total lift and drag coefficient at cruise Mach
number (M ) and cruise altitude, respectively. Cf is the specific fuel consumption.
In Eq. (3.1b), V is the true airspeed of the aircraft, T is the air temperature at
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the cruise altitude, while T0 and Va0 are the temperature and speed of sound at sea
level, respectively. Wi is the initial total weight of the aircraft, whereas Wf is the
final total weight. The cruise range equation calls for a ZEUS static aeroelastic/trim
analysis to determine the lift and drag coefficients of the one-G trim condition at
M=0.85 and H=40,000 ft. In order to include the static aeroelastic effects in the ZEUS
trim analysis, an ASTROS modal analysis is first performed to supply the structural
flexibility information to ZEUS. The ZEUS trim analysis determines the trimmed angle
of attack at which the lift can sustain the weight of the aircraft using an iterative
procedure. The lift and drag coefficients at the trimmed angle of attack are then
supplied to Eq. (3.1a) to compute the cruise range.
At the start of each design cycle when the wing geometry is updated according to the
shape design variables provided by the outer-layer optimizer, the fuel volume in the
wing is recalculated and this updated fuel weight is added to the modified dry weight
to provide the initial total weight and final total weight to Eq. (3.1a) for the cruise
range evaluation. As mentioned earlier, if the cruise range is selected as the objective
function, it is then excluded from the list of the constraint functions.
2. Take-Off Distance
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The equation for the Take-Off (T/O) distance is expressed as follows:



T0
A = g
−µ
W



g 1
B =
ρS CDg − µCLg + a
W 2


1
A
ST O =
ln
2B
A − BVT O 2

(3.2a)
(3.2b)
(3.2c)

where, T0 is thrust at zero airspeed (for GBJ, this static thrust is assumed to be 15,500
lbf per engine), µ is the coefficient of rolling friction (µ = 0.025), CLg and CDg are the
lift and drag coefficients during taxi, respectively, and VT O is the lift-off speed, which
is assumed to be

VT O = (1.2) Vstall
Vstall =

p
W/0.5ρSCLmax

(3.3a)
(3.3b)

CLmax is the lift coefficient during the take-off, and W is the GTOW of the aircraft.
The constant a in Eq. (3.2b) is calculated by
a = (T0 − T ) /VT O 2

(3.4a)

T = (0.8) T0

(3.4b)

Computing the take-off distance requires two ZEUS steady aerodynamic analyses, one
at an angle of attack = 0.0 degrees to compute the drag (CDg ) and lift (CLg ) coefficients
at taxi and another at angle of attack = 7.0 degrees to compute the maximum lift
coefficient (CLmax ).
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3. The Static Margin (SM) at Cruise Condition
The Static Margin (SM) is one of the most important stability constraints involved in
aircraft design and must be imposed in the shape optimization to ensure the stable
operation of the aircraft. The equation used to calculate SM is as given below:
SM = −

CM,α
CL,α

(3.5)

where CM,α and CL,α are the moment and lift stability derivatives with respect to cruise
angle of attack, respectively. Since the aerodynamic stability derivatives are a part of
the ZEUS trim solution, they can be directly extracted from the solution of the one-G
trim condition at M=0.85 and H=40,000 ft. Therefore, no additional ZEUS analysis
is required for evaluating the SM constraint.
4. Maximum Wing-tip Trailing Edge X-Location (XTT) to Avoid Ground Contact During
Take-Off
This constraint was enforced to prevent the optimizer from designing a high-sweep
and a large-span wing in order to avoid the ground contact during take-off. Fig. 3.6
depicts the maximum wing-tip trailing edge location, defined herein as the XT Tcritical .
This critical wing-tip trailing edge x-location XT Tcritical was calculated considering
the main landing gear geometry of GBJ aircraft, and a maximum take-off angle of 7
degrees. A further margin of 60 inches from actual ground-contact XTT was used while
imposing the constraint shown in Eq. (5.1). As evident from Fig. 3.6, the constraint
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Figure 3.6: Wing-Tip Trailing Edge X-Location to Avoid Ground Contact during Take-Off
enforced is
XT T < XT Tcritical

(3.6)

It should be noted that apart from the XTT constraint, another important constraint
that is typically enforced during a conceptual wing optimization is a 5o Roll buffer
during landing of the aircraft to avoid ground contact of the wing. This constraint,
however, was not enforced in the current optimization problem since only symmetric
maneuvers were taken into account.
Table 5.3 summarizes the two GBJ-wing optimization problem statements, with respective objective functions and corresponding lower and upper bounds of the constraint
functions. The lower bound of the cruise range (6,050 miles) is that of the baseline
GBJ model so that the range performance of the optimized configuration must be improved over the baseline configuration. As mentioned earlier, the upper bound of XTT
(1,010 inches) is calculated by assuming the take-off angle to be at 7 degrees, with a
margin of 60 inches from XTTcritical . The upper bound of the take-off distance (5,900
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ft) is calculated by a slight increase from that of the baseline GBJ model. This relaxed
take-off distance constraint could allow the possibility of designing a smaller wing area
by the optimizer. The lower bound of the static margin (0.05) is to ensure the static
stability of GBJ and the upper bound of the static margin (0.25) is to avoid large trim
drag of the optimized configuration.
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0.25
1,010 in
5,900 ft

0.05
396 in
1,000 ft

X
X
X

SM

XTT

T/O Dist.

-

-

Upper Bound

Lower Bound

6,050 miles

CON

X

X

OBJ

Range

Dry Weight

Function Evaluation

Minimum Dry Weight

X

OBJ

X

X

X

X

CON

1,000 ft

396 in

0.05

-

-

Lower Bound

5,900 ft

1,010 in

0.25

-

75,000 lbf

Upper Bound

Maximum Range

Table 3.3: Two Optimization Problem Statements and Their Constraint Functions
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3.1.4

Two-Step Optimization: MATLAB Wrapper for Function
Evaluation Process Architecture

A central analysis module is an integral part of every MDAO environment, where the responses necessary for the optimizer are generated by a function evaluation process. Fig.
3.7 depicts the program architecture of such a function evaluation process developed in the
current M3 DOE effort. This function evaluation process consists of 12 steps as shown in
Fig. 3.7, which are listed below. To automatically execute the function evaluation process,
a MATLAB wrapper was developed that can launch these 12 steps in a sequential synergistic order. This MATLAB wrapper receives the shape design variables from the optimizer
and feeds the objective and constraint functions back to the optimizer. It also extracts the
desired responses from the output files of the upstream analysis codes and assembles the
updated input files for the next downstream analysis codes.
Step1: Model Updater
The model updater receives the shape design variables information from the optimizer and
generates an updated input file for the ZEUS aerodynamic model and the ZMORPH model
through ZLINK. This updated ZEUS aerodynamic model is then used for all subsequent
ZEUS analyses. Based on the structural FEM of the baseline configuration, ZMORPH
morphs the baseline FEM to generate an updated FEM according to the shape design variables from the optimizer. This updated FEM is then used for the ASTROS sizing optimization.
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Figure 3.7: Architecture of MATLAB Wrapper for Function Evaluation Process
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Step 2: Update the Wing Fuel Weight
Based on the shape design variables from the optimizer, the updated wing volume can be
obtained. The updated fuel weight is calculated by the ratio between the updated wing
volume and that of the baseline wing, multiplied by the fuel weight of the baseline configuration. This updated fuel weight is then distributed on the FEM so as to be included in the
ASTROS analysis.
Step 3: Modal Analysis
In this step, an ASTROS modal analysis is performed using the updated FEM obtained by
Step 1. The modal solution is provided to ZEUS in Step 4 to generate the design loads.
Step 4: Design Loads
The design loads are computed by a ZEUS trim analysis with aeroelastic effects to satisfy
a 2.5G trim condition at M=0.85 and H=40,000 ft. The FORCE and MOMENT cards
representing the design loads output from ZEUS are then imported (with a 1.5 factor of
safety), into step 5 for an ASTROS structural sizing optimization.
Step5: Structural Sizing
In this step, an optimized structural weight is determined by the ASTROS sizing optimization
with the design loads provided by Step 4. In addition to the strength constraints, the flutter
constraints at Mach=0.85 for 15% flutter boundary margin is included. The linear unsteady
aerodynamic method ZONA6 is used to provide the flutter solution. It was observed that the
ASTROS optimization converges faster if the FSD method is employed in the initial cycles
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of iteration, followed by the MP method to find an optimized solution. The weight and C.G.
of the optimized FEM are used to evaluate the performance and stability constraints.
Step 6:CL , CD , CM,α and CL,α at Cruise
The purpose of this step is to compute CL , CD , CM,α and CL,α at cruise for the range evaluation. This is accomplished by a ZEUS trim analysis to satisfy the one-G trim condition at
M=0.85 and H=40,000 ft. Aeroelastic effects are included in the trim analysis by importing
the modal solution generated by ASTROS using the optimized FEM.
Step 7: Cruise Range
The cruise range is calculated using Eq. (3.1a) where the lift and drag coefficients are
provided by Step 6 and the initial weight and final weight are provided by Steps 2 and 5.
Step 8: Static Margin
Static margin is calculated using Eq. (3.5). The aerodynamic stability derivatives are
provided by Step 6.
Step 9: CLg and CDg at Taxi
The drag (CDg ) and lift (CLg ) coefficients at taxi are required by Eq. (3.2b) to evaluate
the take-off distance and are provided by a ZEUS steady aerodynamic analysis at low Mach
number and angle of attack=0.0 degrees.
Step 10: CLmax at Take-Off
The angle of attack where the maximum lift coefficient (CLmax ) at take-off occurs is assumed
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to be at 7 degrees. At this angle of attack and at a low Mach number, CLmax is computed
by a ZEUS steady aerodynamic analysis.
Step 11: Take-Off Distance
Once (CDg ) and (CLg ) at taxi are obtained from Step 9 and CLmax is obtained from Step 10,
Eq. (3.2c) is used to evaluate the take-off distance.
Step 12: Wing Tip Trailing Edge X-Location (XTT)
Based on the shape design variables provided by the optimizer, the wing-tip trailing edge xlocation (XTT) can be immediately calculated. XTT is then used to confirm the prevention
of wing from ground contact during take-off, by verifying the condition expressed in Eq.
(5.1).
In summary, the function evaluation process of the GBJ requires four ZEUS analyses, one
ZMORPH analysis and two ASTROS analyses. The total single CPU time of executing this
function evaluation process for a single design point is slightly less than an hour.

3.1.5

MATLAB Wrapper: Features for Robustness and Efficiency

Apart from imparting functionality for synergistic execution of the function evaluation process, a lot of smart features were added to the MATLAB wrapper code for the robust and
efficient execution of the optimization process as a whole. Some of such features are outlined
below:
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1. Parallelization: Ability to perform in High-Performance Parallel Environment
Shape design/optimization using high fidelity codes such as ZEUS, ASTROS, ZMORPH,
etc. can require a large computational time. Hence to accelerate the design process, it
is obvious that the function evaluations need to be parallelized so that multiple design
points can be analyzed simultaneously in multiple computer processors. The parallelization of MATLAB wrapper for function evaluation process was accomplished by the
intercommunication between the local host machine and the remote high-performance
computing cluster.
For the results presented in this chapter, three high-performance computers; each
equipped with 8 processors; were employed; providing 24 available processors for such
a parallel computation. However, because two processors are normally used by a single ZEUS analysis for the parallelized Euler solver using OpenMP, the parallelized
MATLAB wrapper could only launch 12 function evaluation processes simultaneously.
Apart from being able to launch jobs parallely, MATLAB wrapper can also detect
the number of function evaluation jobs running on each of the high-performance machines, and carry out a smarter job assignment, with each new job being assigned to
the least-loaded machine, thus ensuring a full utilization of all the available computing
resources.
2. Design Variable History
It is important to save the Design Variables (DVs) in a ’DV History.dat’ file, so that
(especially for a gradient based optimization run) the user can keep track of all the
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DVs analyzed by the code and if possible, identify a trend in the DV change, so as to
know the design domain better. Saving such a DV history also facilitates an ease of
resubmitting the problem from the latest DV, should the gradient-based optimization
run collapse for any reason. Even for other optimization setups, saving a DV history
enables a better way of data processing and data mining over the remote machines.
Hence, at the start of each function evaluation, DVs are stored in above-mentioned
’DV History.dat’ file.
3. Failed Design Variable History
It should be noted that at some extreme design conditions, ZEUS or ASTROS might
fail to converge. During the optimization run, if such failure occurs at any stage,
optimizer might abort the optimization due to lack of required responses from the
analyzer. In this event, all the previous analyses would be useless, since the data for
gradients (in GBO) or the particle velocities (in PSO) would be lost. To avoid such a
scenario, and to make sure that the optimizer ignores such problematic DVs, the code
was modified to perform following duties: (i) Read the output files generated after each
analysis of ZMORPH/ZEUS/ASTROS during each function evaluation call, (ii) If the
word ’FATAL’ is found in the output file, identify that the analysis has failed, and give
optimizer the dummy values of responses such that it will simply ignore such a point.
(For example: a very small range, a very large takeoff distance and violated stability
margins etc.) (iii) Before returning the control back to the optimizer, assign a unique
error number to the current error, save in a unique folder all the output files for later
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scrutiny and necessary input files to regenerate the problem later, and write a log in
’Problem History.dat’ with the error number, the problematic DVs, and the step at
which they failed. This is shown by the symbol ’F’ in Fig. 3.7. In the each subsequent
function evaluation call within the optimization cycle, the code first compares the
current DVs (as provided by optimizer) with the history of problematic DVs (as stored
in Problem History.dat), and if they had failed previously, it again gives the dummy
responses to the optimizer. This process is very beneficial, since it not only avoids the
failure of the optimizer, but it also avoids the unproductive function evaluation time.
4. Successful Design Variable History
In the each response generation call within the optimization cycle, to avoid repetitive
function evaluations, it is important to store all the successfully analyzed DVs and
their corresponding responses. Hence at the end of each such function evaluation, the
code stores the successful DV history in ’FunEval History.dat’. This facilitates a way
of quickly comparing the DVs with the history, before investing the valuable evaluation
time. Such a DV history also proves useful to build a response surface at a later stage,
and to understand the design domain better.
5. Design Variable Tolerances
During a non-gradient based optimization run in which the design points are generated
at random, (or even for a subsequent GBO run) there are chances that the optimizer
requests a design point to be analyzed, which lies very close to the point already
analyzed previously. Hence to save the function evaluation time for such a point, it is
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better to introduce the tolerances for DVs in the code. Also, for all practical purposes
the responses of two design points lying very close to each other can be regarded as
the same. (For example, a wing span of 550.830 inches will have practically the same
range for a wing span of 550.831 inches). Thus, introducing the tolerances in the DVs
avoids the repetitive function evaluation, thereby saving a lot of computational time.
Hence, at the start of each function evaluation, the code compares the current DVs
with the stored DVs (in ’FunEval History.dat’) within a user-defined tolerance window,
and reiterates the stored responses, if previously analyzed.
6. Log-file generation during each Function Evaluation Call
It is regarded as a better programming practice to reflect to the user all the communication generated by the analyzer programs. This not only helps the user to understand
which step is currently being executed, but it also enables the user to identify potential problems or sources of errors in the analyzers. Hence, the code maintains a log of
generated MATLAB output at each function call, and reflects it in ’GBJ History.log’
file in real time.

All these features make the developed MATLAB wrapper a lot more robust and efficient in
operation.
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3.2
3.2.1

Results and Discussion
Need for Particle Swarm Optimization Method

Initially, the gradient-based optimization method available in VisualDOC was selected for the
shape optimization of the GBJ. However, it was immediately found that the gradient-based
optimization terminated within only a few cycles of iteration and the shape design variables
hardly moved away from their initial values. This phenomenon could be an effect of various
reasons such as presence of local minima, inaccurate gradients due to noisy analyses, illposed termination criteria. To circumvent this premature termination problem, the particle
swarm optimization [42] (PSO) method in VisualDOC was selected and was found to work
very well for the GBJ optimization problem. For the sake of completeness, the PSO method
is briefly explained below.
Particle Swarm Optimization
Particle Swarm Algorithm is a non-gradient based method of optimization, and the idea
behind the particle swarm method is attributed to Kennedy and Eberhart [43]. PSO finds
the optimum to a design problem by initially dispersing a population of random design points
(known as ‘particles’) within the design domain, and later moving the position of these
particles (i.e. updating the design points) in the search-window according to the formulae
for ‘particle velocities’ given in Eq. (3.7a). In this equation, xik and vki are the position and
velocity of the ith particle at k th iteration, respectively. During each subsequent iteration,
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Figure 3.8: Particle Swarm Algorithm: New Particle Velocity Calculation
i
the new position of each particle (xik+1 ) is found by assigning a unique ‘velocity’ vk+1
to that

particle, which is a weighted combination of egoistic (self) velocity, nostalgic (individual)
velocity correction, and sociable (global) velocity correction. The time step ∆t is normally
taken as unity. w is the weighting parameter used to retain a fraction of the egoistic velocity,
c1 and c2 are the thrust parameters, which are multiplied by the random numbers r1 and
r2 . pi is the best position seen by that particle until the k th iteration, whereas pgk is the
best global position within the swarm. A pictorial depiction of velocity calculation for PSO
method is shown in Fig. 3.8.
i
vk+1
= wvki + c1 r1

(pi − xik )
(pg − xik )
+ c2 r 2 k
∆t
∆t

i
xik+1 = xik + vk+1
∆t

(3.7a)
(3.7b)

Performing a PSO computation requires the selection of an appropriate particle size (swarm
size). The best value for a swarm size is highly problem-specific and depends on features
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such as the number of design-space dimensions, constraints, and other characteristics of the
objective function [44]. For the GBJ shape optimization, a particle size of 48 was selected
to fully utilize the available computational power and as a trade-off between computational
cost and reliability. As mentioned previously, because the parallelized MATLAB process
can launch 12 function evaluations simultaneously using the 24 processors in a cluster of
three high-performance machines and each function evaluation takes only less than an hour
of CPU time, the CPU time for PSO to process 48 particles is less than 4 hours. Using a
slightly relaxed convergence criterion, an optimum solution of the GBJ can be found by the
PSO method within four days of computation. Considering the high-fidelity codes such as
ZEUS, ASTROS and ZMORPH involved in the function evaluations and only 24 processors
being used, this amount of CPU time to achieve a converged solution is quite acceptable.

3.2.2

Reliability of Optimization Process for GBJ Configuration

The reliability of the optimized configuration designed by the PSO method depends on at
least two factors; the exhaustibility of optimizer for the design space exploration and the
accuracy of the function evaluations. The exhaustibility of the PSO method can be increased
by increasing the particle size but that also increases the computational cost. As already
mentioned, 48 particles were selected for the present PSO study which provided a converged
solution within four days using 24 computer processors. More than fifteen hundred function
evaluations were performed using the parallelized MATLAB function evaluation processes.
It is believed that the optimized GBJ configuration selected from such a substantial number
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of design points should be a nearly optimal solution. (It should be noted here that owing to
the probabilistic nature of PSO, the term ’optimal’ is used in this document interchangeably
with ’best-found design’.)
The accuracy of the function evaluation depends on the fidelity of the analysis codes employed in the design process and the healthiness of their respective computational meshes
automatically generated at each design point. ASTROS employs the high-fidelity finite element method for structural sizing. Hence, its estimated structural weight is highly reliable.
ZEUS, although not a Navier-Stokes Solver, employs the Euler solver with boundary layer
coupling capability. Therefore, ZEUS-generated lift and drag are also reliable. The healthiness of the ASTROS FEM and ZEUS mesh relies on the robustness of ZLINK and ZMORPH
that has been verified at some extreme design points during this optimization process.
The MATLAB function evaluation process creates a database of analyzed designs during the
PSO computation to save the solutions of ASTROS and ZEUS at each design point. These
solutions can be graphically displayed to ‘replay’ the history of the optimization progress and
can be used to examine the healthiness of the computational mesh. Fifteen such snapshots
of the ZEUS solutions at the one-G trim condition are shown in Fig. 4.1. It should be noted
that because the ZEUS solution includes the aeroelastic effects that require the ASTROS
solution to be obtained in an upstream step, a converged ZEUS solution implies that an
ASTROS sizing optimization has been performed successfully.
In these snapshots, it can be seen that the pressure distributions on the ZEUS surface meshes
are smooth, implying that the computational meshes at these design points are healthy. In
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(a) Snapshot 1

(b) Snapshot 2

(c) Snapshot 3

(d) Snapshot 4

(e) Snapshot 5

(f) Snapshot 6

(g) Snapshot 7

(h) Snapshot 8

(i) Snapshot 9

(j) Snapshot 10

(k) Snapshot 11

(l) Snapshot 12

(m) Snapshot 13

(n) Snapshot 14

(o) Snapshot 15

Figure 3.9: Snapshots of the ZEUS Solutions during PSO Optimization
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addition, these snapshots show that the transonic shock (shown by the dark region) becomes
stronger when the wing sweep angle decreases, for instance, on snapshot 7, and becomes
weaker when the wing sweep angle increases, for instance on snapshot 4. This observation
confirms that the ZEUS solutions agree with fluid physics which also enhances the confidence
level of the ZEUS solution accuracy at all design points.

3.2.3

Optimization Result I: Dry Weight Minimization

In this case, the minimum dry weight is selected as the objective function and the cruise
range, static margin, XTT and take-off distance are defined as the constraint functions whose
lower and upper bounds were presented in Table 5.3. The optimized GBJ configuration
(shown by the orange lines) and the baseline GBJ configuration (shown by the green lines)
are displayed together in Fig. 3.10 for comparison. The solutions of the four shape design
variables of the optimized GBJ configuration and those of the baseline GBJ are listed in
Table 3.4. The optimized GBJ has a smaller wing area (the tip chord reduced from 67.7
inches to 50.0 inches and the half span slightly increased from 550.83 inches to 553.40 inches),
a lower sweep angle (decreased from 43.5 degrees to 40.8 degrees) and a thicker airfoil section
(increased from 10.0% to 11.15%).
Table 3.5 presents the objective function and constraint function results of the optimized
GBJ for minimum dry weight along with those of the baseline GBJ for comparison. Since
the planform area of the optimal design changes from that of the baseline design, to make a
better comparison of drag, (D/q) ratio is presented, where q represents the cruise dynamic
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Table 3.4: Optimum Shape Design Variables for Minimum Dry Weight

Shape Design Variables

Baseline

Optimum

Tip Chord Length (in)

67.7

50.0

Sweep Angle (deg)

43.5

40.8

Half-Wing Span (in)

550.83

553.40

Airfoil Thickness

10.0 %

11.16%

Table 3.5: Objective and Constraint Function Results for Minimum Dry Weight

Baseline

Optimum

Dry Weight (lbf)

52,971.6

47,034.5

Fuel Weight (lbf)

38716.6

38160.1

Range (miles)

6,050.07

6,276.04

Stability Margin

0.2196

0.1933

XTT (in)

930.43

872.12

T/O Distance (ft)

5,891.13

4,813.55

CD at 1G Cruise

0.0275

0.0278

Wing Area (sq.ft.)

1,194.4

1,139.8

L/D at 1G Cruise

14.01

13.48

D/q at 1G Cruise

32.846

31.686

1G Trim Angle of Attack (deg)

2.26

2.15
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Figure 3.10: Optimized GBJ Configuration for Minimum Dry Weight
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pressure. It should be noted that the optimized configuration satisfied all the strength and
flutter constraints imposed during the sizing optimization within ASTROS. The dry weight
of the optimized GBJ reduces from 52,971 lb of the baseline weight to 47,034 lb, achieving
an 11.2% weight reduction. It is believed that this optimized GBJ configuration is achieved
by the following reasons:

1. In addition to the slightly decreased wing area (from 1,194.4 ft2 to 1,139.87 ft2 ), two
factors are involved in the weight reduction. The first one is the smaller wing tip
chord (from 67.7 inches to 50 inches) that gives smaller wing root bending moment
and smaller twisting moment due to the reduced aerodynamic loads near the wing tip.
The second one is the larger airfoil thickness (from 10.0% to 11.16%) that provides
a better capability of the structure for the bending-moment resistance. Both factors
allow a thinner wing skin structure to sustain the design loads, thereby rendering an
11.2% weight reduction. Also, these two factors provide a favorable mass (less mass
near the wing tip) and stiffness (thicker airfoil section) distribution on the wing for
flutter prevention.
2. The cruise range constraint (of being greater than 6050 miles) is satisfied because of the
large reduction in the overall aircraft weight with only a slightly increased drag at the
cruise condition (from 0.0275 to 0.0278). Usually, a thicker airfoil section (from 10.0%
to 11.16%) and a lower sweep angle (from 43.5 degrees to 40.8 degrees) should increase
the transonic wave drag. However, it appears that this increased transonic wave drag
is compensated by the reduction in the induced drag at a lower trim angle of attack at
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cruise (from 2.26 degrees to 2.15 degrees); resulting in only a slightly increased total
drag. The effect of such a minuscule increase in total drag, combined with the trivial
reduction in fuel weight (1.43%) are overcome by the substantial reduction in the dry
weight (11.2%) of the aircraft thus increasing the range by 3.43%.

3.2.4

Optimization Result II: Range Maximization

In this case, the maximum cruise range is selected as the objective function and the weight,
static margin, XTT and take-off distance are defined as the constraint functions. The optimized GBJ configuration (shown by the orange lines) and the baseline GBJ configuration
(shown by the green lines) are displayed together in Fig. 3.11 for comparison. The solutions
of the four shape design variables of the optimized GBJ configuration and those of the baseline GBJ are listed in Table 3.6. The optimized GBJ has a longer half wing span (increased
from 550.83 inches to 650.0 inches), a smaller tip chord (decreased from 67.7 inches to 50.0
inches) and a thicker airfoil section (increased from 10.0% to 12.5%). The sweep angle is
closely comparable to that of the baseline configuration.
Table 3.7 presents the objective function and constraint function results as well as the drag
coefficient at cruise, the wing area and the trim angle of attack at the cruise condition of
the optimized GBJ for maximum cruise range along with those of the baseline GBJ for
comparison. The optimized configuration also satisfies the strength and flutter constraints
during sizing optimization. It can be seen that the cruise range is increased significantly from
the 6,050 miles of the baseline configuration to 8,477 miles of the optimized configuration
58

Chapter 3 - M3 DOE: GBJ Wing Optimization

Table 3.6: Optimum Shape Design Variables for Maximum Range

Shape Design Variables

Baseline

Optimum

Tip Chord Length (in)

67.7

50.0

Sweep Angle (deg)

43.5

43.15

Half-Wing Span (in)

550.83

650.0

Airfoil Thickness

10.0 %

12.5%

Table 3.7: Objective and Constraint Function Results for Maximum Range

Baseline

Optimum

Dry Weight (lbf)

52,971.6

52,063.7

Fuel Weight (lbf)

38716.6

44,934.11

Range (miles)

6,050.07

8,477.1

Stability Margin

0.2196

0.250

XTT (in)

930.43

1,000.08

T/O Distance (ft)

5,891.13

4,988.11

CD at 1G Cruise

0.0275

0.0208

Wing Area (sq.ft.)

1,194.4

1,362.6

L/D at 1G Cruise

14.01

17.19

D/q at 1G Cruise

32.846

28.34

1G Trim Angle of Attack (deg)

2.26

1.60
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Figure 3.11: Optimized GBJ Configuration for Maximum Range
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with a slight weight reduction (from 52,971 lbs of the baseline configuration to 52,063 lbs).
All constraint functions are satisfied. Evidently, this large amount of cruise range increase
(40.11%) is due to the reduced drag at cruise condition (from 0.0275 to 0.0208) and the
increased wing fuel volume (wing area increased from 1,194.4 ft2 to 1,362.6 ft2 and airfoil
thickness increased from 10.0% to 12.5%).
Normally, a larger wing span reduces the induced drag. However, a reduction of total drag by
24.3% (from 0.0275 to 0.0208) due to the increase of the wing span by 18% (from 550.83 inches
to 650 inches) of the optimized GBJ seems still too excessive without realizing the aeroelastic
tailoring effects. It is known that a better aerodynamic response can be achieved by properly
designing the structural stiffness distribution such that a deformed structure under the trim
loads gives a favorable aerodynamic shape. This technique is called aeroelastic tailoring.
Such a deformed aerodynamic shape of the optimized GBJ for maximum range computed
by the ZEUS trim analysis with aeroelastic effects at the cruise condition is depicted in Fig.
3.12. For better visibility, structural deformation is amplified by a factor of 10. It can be
seen that the wing is in the washout condition that gradually reduces the local angle of
attack spanwise on the wing. A reduced local angle of attack can reduce the transonic shock
strength so that the transonic wave drag is reduced.
This reduced transonic shock strength, especially near the wing tip where the maximum
pitch-down deformation occurs, can be clearly seen in Fig. 3.13 where the pressure distributions at span stations 16.7%, 51.5% and 86.3% of the flexible wing are compared to
those of the rigid wing. The result of the rigid aircraft is also obtained using ZEUS but
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Figure 3.12: Exaggerated Deformed GBJ Model due to Trim Loads at Cruise Condition

Figure 3.13: Pressure distributions of flexible and rigid wings at different span locations
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without the aeroelastic effects. In addition, the larger wing area (from 1,194 ft2 to 1,362 ft2 )
requires a smaller one-G trim angle of attack (from 2.26 degrees to 1.6 degrees) to sustain
the weight which reduces the induced drag. When compared to the baseline GBJ model, the
reduction of both transonic wave drag and induced drag results in a net total drag reduction
of 24.3%. Although the aeroelastic tailoring technique was not applied explicitely for drag
reduction in the ASTROS sizing optimization, through the probability search process the
PSO method encountered such a favorable structural design and found a low-drag optimized
GBJ configuration that had a 40% range increase. This optimization study of the GBJ
clearly demonstrates the necessity of including the aeroelastic effects in shape optimization
for air vehicle design. Without considering the aeroelastic effects, such a low-drag GBJ
configuration cannot be realized.

3.2.5

Optimization Result III: Range Maximization with LowFidelity Optimization Environment

As a demonstration of the multi-fidelity capability of the M3 DOE framework, the design
process was modified to include low-fidelity ZAERO (in stead of high-fidelity ZEUS) for
computation of the aeroelastic responses. ZAERO employs the ZONA6 solver in the subsonic
flow regime, which is a linearized Panel Method based code for steady/unsteady aeroelastic
response generation. Within the M3 DOE framework, the ZONA6 solver is considered as
low-fidelity, owing to its inability to incorporate the aerodynamic nonlinearities such as the
transonic shock, the wake effects etc. However, the compromise on fidelity level is balanced
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by the gain in reduction of the computational time required. The total single CPU time of
executing the aforementioned function evaluation process for a single design point reduces to
approx. 20 minutes, as compared to the average of 50+ minutes when high-fidelity module
with ZEUS was used.
Table 3.8 presents the geometry details of the optimized GBJ configuration, while Table
3.9 shows various performance parameters of the optimized GBJ configuration; as compared
to those of the baseline GBJ platform. Once again, the optimized configuration satisfies
all the strength and flutter constraints during the sizing optimization. It should be noted
that the baseline GBJ model now shows to possess an increased range capability (9,209.04
miles) as compared to that shown in Table 3.1, (6050.07 miles), primarily due to the reduced
drag prediction. The drag predicted by ZONA6 for the GBJ baseline model (0.0181) is
considerably lower than that predicted by ZEUS (0.0275), since ZONA6 cannot predict the
transonic wave drag. However, the low-fidelity M3 DOE framework still converges to a
configuration very closely comparable to the one shown in Fig. 3.11. This not only increases
the confidence in the optimized configuration, but also shows the versatile nature of the
multi-fidelity capability of M3 DOE.
The optimized configuration shows an increase of 9.2% in range over the baseline model,
which, apart from the increased fuel volume, can be attributed to the lower induced drag of
the pitched-down deformation during cruise, as experienced by the optimized wing geometry.
Thus it can be seen that even the low-fidelity M3 DOE is able to implicitly perform aeroelastic
tailoring.
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Table 3.8: Optimum Shape Design Variables for Maximum Range: Low-Fidelity Framework

Shape Design Variables

Baseline

Optimum

Tip Chord Length (in)

67.7

50.0

Sweep Angle (deg)

43.5

43.39

Half-Wing Span (in)

550.83

650.0

Airfoil Thickness

10.0 %

12.5%

Table 3.9: Objective and Constraint Functions for Max. Range: Low-Fidelity Framework

Baseline

Optimum

Dry Weight (lbf)

54,925.7

53,262.4

Fuel Weight (lbf)

38,716.6

44,934.11

Range (miles)

9,209.04

10,057.27

Stability Margin

0.22

0.265

XTT (in)

930.43

1004.7

T/O Distance (ft)

6,559.48

5854.96

CD at 1G Cruise

0.0181

0.0175

Wing Area (sq.ft.)

1,194.4

1,362.6

L/D at 1G Cruise

21.812

20.69

D/q at 1G Cruise

21.618

23.845

1G Trim Angle of Attack (deg)

2.32

1.58
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3.3

Lessons Learned and Experience Gained from the
GBJ Wing Optimization

In summary, a prototypical multi-fidelity, multi-strategy and multi-disciplinary design and
optimization environment (M3 DOE) has been developed and demonstrated for its synergistic
shape and sizing optimization capability on a GBJ model. An 11.2% of weight reduction
achieved during the optimization for minimum dry weight, and a 2,025-miles increase of
cruise range achieved during the optimization for maximum cruise range demonstrate the
potential for synergistic optimization, and the robustness of M3 DOE framework.
However, the optimization study of the GBJ wing also revealed the necessity of using a
non-gradient based optimization method such as the PSO method owing to the premature
termination problem. Due to the use of a probability search algorithm, the computational
time of PSO method grows exponentially as the number of shape DVs increases. Although
M3 DOE has a rapid function evaluation capability by parallel computation, it still required
a four-day computation using 24 computer processors to find the optimal solution. The
necessity of using a non-gradient based optimization method and employing many geometry
parameters as the shape DVs for an air vehicle design indicates that the computational time
of such a shape optimization may become unacceptably costly. This calls for an innovative
design methodology, such as the one explained in forthcoming chapters, to drastically reduce
the number of shape DVs while maintaining the generality of the design-space that can
encompass all possible solutions including conventional and unconventional configurations.
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Development of an Innovative Hybrid
Optimization Framework

4.1

Motivation

As presented in Chapter 3, during the development of the multi-fidelity multi-strategy multidisciplinary design optimization framework of M3 DOE, presence of a complex design domain
was observed in the wing optimization study. The use of a non-gradient based optimization
method was thus rendered necessary for such complex problems. In the same study, it was
also observed that the time required for the overall optimization problem to converge was
considerable, since the non-gradient based optimization method had to analyze a significant
number of configurations for a thorough exploration of the design space.
All of these concerns necessitated the need for a more innovative and highly generalized
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geometry parameterization technique that can efficiently reduce the total number of design
variables needed for optimization, while capturing an array of possible aircraft configurations.
Hence, the effort presented herein aims to further enhance the developed MDAO environment
of M3 DOE with a reduced order design-space scheme based on the Proper Orthogonal
Decomposition technique that can significantly reduce the number of shape DVs, coupled
with the evolutionary algorithm.

4.2

Proper Orthogonal Decomposition based Reduced
Order Design Scheme

4.2.1

Background

The Proper Orthogonal Decomposition (POD) method has been widely used to obtain lowdimensional approximate descriptions of high-dimensional systems. The idea behind POD
technique is that, given a set of solutions or snapshots, the POD method calculates a set
of optimal basis solutions that encompass the most energetic modes of the system (i.e. the
modes corresponding to the dominant eigenvalues). This set is optimal in the sense that
the least square error between the original snapshot ensemble and its reconstruction in the
space spanned by the POD modes is minimal. So far the use of POD method has been
restricted to finding a basis for the modal decomposition and subsequent reduction of the
data obtained by experimental studies or high-fidelity numerical simulations. The POD
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technique for basis reduction has been employed in many engineering applications, such as
approximate flow modeling in computational fluid dynamics [45, 46], reduced order thermal
solutions in hypersonic flows [47], control-oriented modeling of physical processes [48, 49, 50],
study of structural dynamics and chaotic systems [51, 52, 53], structural health monitoring
[54], load updating for finite element models [55], and multi-disciplinary design optimization
[56, 57, 58].
In the field of design optimization, majority of the applications of POD technique are for the
approximation of the solution generation processes. The use of POD as a geometric filtration
technique was recently explored by Toal et al. [58], in which the POD method was employed
as a 2D airfoil model filtration and reduction technique for a kriging-based optimization
of a transonic airfoil. Due to a very scarce availability of the literature, it is evident that
the application of POD-based design space reduction technique on model geometry remains
vastly unexplored. Present dissertation is amongst the first to use POD as a purely design
space reduction technique (for the shape optimization of a supersonic tailless air vehicle
(STAV) wing).

4.2.2

Proper Orthogonal Decomposition

As mentioned previously, the Proper Orthogonal Decomposition method is a means to obtain
low-dimensional approximate descriptions of high-dimensional systems. The mathematical
implementation of POD technique involves the use of either of the three very closely related methods: (i) Kosambi-Karhunen-Loéve Decomposition [60, 61, 62], (ii) the Principal
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Component Analysis [63, 64], and (iii) Singular value Decomposition (SVD) [65]. A detailed
discussion of the equivalence of these methods is presented by Liang et al.[66] in light of the
engineering applications of the POD method. The current effort employs SVD method to
implement POD technique for the design-space order reduction. Chatterjee [67] has given a
thorough description of the POD implementation using SVD, following subsection introduces
the POD-SVD technique here for conciseness.

Proper Orthogonal Decomposition using Singular Value Decomposition

For consistency with the topic of this research, the POD-SVD technique is described below
in terms specific to the aeroelastic shape optimization of an air vehicle. It should however be
noted that the POD-SVD being a purely mathematical technique can be applied to any other
engineering design optimization problem equally effectively. The implementation of the POD
method for design space reduction involves formation of a snapshot matrix consisting of the
samples of the system variables, which adequately describe the system under consideration.
Within the context of an air vehicle outer mold line shape optimization, such a snapshot
matrix consists of either implicit or explicit shape design variables. Implicit shape DVs
include the indirect geometric design variables, such as the wing root-chord, tip-chord, sweep
angle, wing-span, airfoil thickness, etc. The explicit shape DVs consist of the direct geometry
co-ordinates of the outer mold line shape of the wing. From a designer’s perspective, it is a
better practice to generate the snapshot matrix with the wing geometry defined in implicit
variables. This not only makes the wing modeling easier to comprehend, but renders the
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design sensitivities and trends to be much easier to comprehend. However, implicit modeling
becomes difficult as the complexity of the wing being modeled increases, and factors such as
the cranked or curved leading and trailing edges, nonlinear dihedrals, winglets etc. have to
be considered. Hence, it is thought that for a complex wing-shape, explicit snapshot matrix
may prove more practical.
Consider a wing geometry that can be fully described uniquely using ‘n’ DVs. A designer
can then form an ensemble of such ‘m’ candidate wings, which are chosen by their suitability
to the mission characteristics, as gaged by the designer based on his/her past experience
and intuition. Thus the snapshot matrix [S] is an ‘m × n’ matrix, which can be non-square,
non-symmetric, and in general represents ‘n’ spatial and ‘m’ temporal dimensions of the
wing system under consideration. A singular value decomposition of the snapshot matrix
[S] is then calculated, as shown in Eq.(4.1). The SVD can be regarded as an extension of
the eigenvalue decomposition, generalized for non-square and non-symmetric matrices.
[S] = [U ][Σ][V ]T

(4.1)

where, [Σ] is the ‘m × n’ diagonal matrix with min(m, n) nonzero unique singular values of
the snapshot [S], [U ] is an orthogonal ‘m × m’ matrix which forms the left singular basis
vectors, and the matrix [V ] is an orthogonal ‘n × n’ matrix with the so-called POD modes
as its column vectors. The left singular basis vectors, when multiplied with the matrix [Σ],
are termed as the POD coefficients [β], as shown in Eq. (4.2).

[β] = [U ][Σ]
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These POD coefficients, when multiplied by the POD modes (given by the matrix [V ])
regenerate the original snapshot matrix, thus,
[S] = [U ][Σ][V ]T = [β][V ]T

(4.3)

To find the ’optimal’ number of POD modes that can ‘sufficiently’ recreate the snapshot
of the candidate wings ensemble, the mean squared error between the original snapshot
ensemble and its reconstruction in the space spanned by the POD modes is minimized. This
is achieved by finding the first k POD modes whose summation of the eigenvalues (given
by the squares of the diagonal terms of the matrix [Σ]) occupy more than 99% of the total
summation of all the eigenvalues of the system, as shown in Eq. (4.4b). Each of the designs
in the snapshot ensemble (i.e. each row of the matrix S) can then be reconstructed with
minimal error by linear superimposition of first k POD modes multiplied by corresponding
POD coefficients as shown in Eq. (4.4a).

{S} ∼
=
 0

diag [Σ] [Σ] ∼
=

k
X
i=1
k
X

βi {Vi }T

(4.4a)



0
diag [Σi ] [Σi ]

(4.4b)

i=1

Thus, using this approximation scheme, the reduced order design space can be spanned with
the help of the sufficient POD modes, and the corresponding POD coefficients become the
new implicit shape design variables. Within the shape optimization framework, during each
iteration the optimizer provides multiplication factors which act as the new POD coefficients.
The modified geometry can then be created by multiplying the reduced order POD modes
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with the new POD coefficients.
In this way, a system which can take a large number of (say, 30-50) physical shape design
variables for effective shape design, can now be optimized in the reduced design scheme with
the help of (typically 2-4) POD modes and corresponding POD coefficients.

4.2.3

Proof of Concept Study

To verify the feasibility of the POD-based Reduced Order Design-Space (POD-RODS)
method to facilitate a reduced order design optimization, a test cases were setup, viz.
POD-RODS Method for the Generic Business Jet (GBJ) wing shape definition. Following subsection describes the details of the application of POD method for the GBJ wing
shape definition, since it is highly relevant to the STAV optimization study demonstrated in
Chapter 5.

POD-RODS Method for the GBJ Wing Shape Definition

The POD-RODS method is demonstrated below for a Generic Business Jet wing shape
definition. To create the required snapshot matrix, a family of this type of wing shapes was
artificially created (Fig. 4.1) by varying four different geometry characteristics: (i) wing
half-span, (ii) leading edge sweep angle, (iii) tip-chord, and (iv) airfoil thickness-to-camber
(t/c) ratio. It should be noted that the wings contributing to the snapshot matrix actually
represent all the bounds of the above-mentioned four geometry characteristics: (i) 400 in.≤

73

Chapter 4 - Innovative Hybrid Optimization Framework

Figure 4.1: Trapezoidal GBJ Wing Ensemble for POD Snapshot
half-span≤ 650 in., (ii) 0o ≤ leading edge sweep angle≤ 60o , (iii) 50 in.≤ tip-chord≤ 282 in.,
and (iv) 0.85% ≤ t/c≤ 1.25%. The nodes of the trapezoid constituting the wing were used
as the control/anchor points. The snapshot vector consists of (x, y) pairs of coordinates of
the 4 locations sequentially, and the AFR as the last element, as shown in Eq. (4.5).
{S} = {x1 , y1 , x2 , y2 , x3 , y3 , ..., t/c}

(4.5)

The POD analysis can then be applied to the [S] matrix, with {S} as its row vectors, to
extract the dominant k POD modes which thereafter will be used as the basis functions to
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Figure 4.2: Sample Wing-shapes by two Random POD Coefficients
represent the wing geometry.
T
[S]m×n ∼
= {β}m×k [Φ]k×n

(4.6)

where Φi is the ith POD mode of matrix [S], β is the corresponding POD coefficient vector,
m is the number of wing-samples in the snapshot matrix, k is the number of POD modes and
n is the number of geometry parameters defining each wing-shape. The POD analysis on a
family of 10 trapezoidal wings revealed 2 sufficient POD modes with 99.7% contribution. By
multiplying the first two dominant POD modes with a multiplication factor (to be provided
by the optimizer later), a new wing-shape (and t/c) can be obtained. Fig. 4.2 shows two
different wing-shapes as generated by the POD-RODS method.
The POD-based design-space order reduction approach is thus indeed a viable option which
can reduce the number of shape DVs while maintaining the generality of the design-space.

75

Chapter 4 - Innovative Hybrid Optimization Framework

4.2.4

Merits of the POD-RODS Method

The merits of this POD-RODS method include the following:

1. The POD-RODS method obtains the essential POD mode shapes which sufficiently
encompass the geometry domain, thereby greatly reducing the number of DVs needed
in the design-space for defining complex geometry shapes.
2. The POD-RODS method allows the user to circumvent the typical pitfalls (such as the
difficulty in selection of shape functions, low computational efficiency, and sometimes
a trial-and-error process) normally exhibited by conventional geometry/planform parameterization. The POD-RODS method only requires that the users maintain the
same discretization scheme for all the candidate air vehicle wing-shapes, thus making
POD a straightforward yet efficient approach for any complex geometry shape representation, as long as the desired shape can be generated from a linear combination of
the shapes in ensemble.
3. The POD-RODS method allows the designer to select the candidate configurations
from past experiences and entailing intuition. The design space is confined by the POD
modes constructed from those candidate configurations. This implies that, rather than
totally relying on the optimizer to determine the optimized configuration, the PODRODS method allows the designer to inject his/her own design experience into the
design process.
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However, it can also be observed that the implementation of POD technique alone for geometric order reduction has certain limitations:

1. POD-based geometry reduction technique can simply be explained as a linear superposition of dominant POD modes to obtain new geometries. Since the POD modes
are derived from the snapshot ensemble of (baseline) candidate geometries, this initial
ensemble governs the formation of new shapes in a major way. Loosely adapting the
terms from evolutionary algorithms, it can be seen that if during the entire optimization process the snapshot ensemble of parent geometries remains the same, the children
geometries will always have genes from the same fixed parent population which may
not necessarily be the healthiest population.
2. When a user forms an initial snapshot matrix of candidate configurations, such a
snapshot may not have the healthiest candidates. In fact, if the snapshot has a large
number of unhealthy candidates, a superposition of these parents will more than likely
produce the unhealthy children population. The over-dependence of new generation
on the fixed parents may prove detrimental to the entire optimization process.

These limitations mandate the use of evolutionary techniques in the snapshot generation
process, wherein, the unhealthy parents are replaced by the new healthier candidates iteratively. This ensures that the snapshot ensemble becomes increasingly healthier at each step,
thus promising a better and faster convergence.
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4.3

Hybrid Optimization Framework: POD-RODS Augmented with Evolutionary Algorithm

4.3.1

Program Architecture

Figure 4.3 shows program architecture of the hybrid optimization framework wherein the
POD-RODS method is augmented with the Evolutionary Algorithm (EA) technique of
fitness-based retention. This hybrid optimization scheme (henceforth termed as ‘POD-EA’
scheme) capitalizes on the advantages of evolutionary algorithm as well as POD-based reduced order modeling; while overcoming the shortcomings inherent with these techniques.
In this POD-EA based optimization framework, the optimizer provides the POD coefficients
(i.e. multiplication factors) generating a new geometry during each iteration, which is then
checked for being within the user-specified design bounds, and then the performance and
physical characteristics of the modified geometry are calculated using the sequential solution
generation process of M3 DOE (explained in Chapter 2). This cycle continues in a parallelized environment, until the optimum configuration is achieved. For a better understanding
of the complex data-flow and decision-making integral to any hybrid optimization strategy,
the program architecture is explained below.
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Figure 4.3: Program Architecture of Hybrid Optimization Framework
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1. Parent Population Snapshot
The key component of the current hybrid optimization strategy is the snapshot ensemble of candidate configurations (as explained in Section 4.2) that form the parents
of the subsequent newer generation configurations. At the start of an optimization
run, the designer inputs the initial snapshot ensemble based on the required problem
statement and his/her past design experience. For a better spanning of the design domain by the snapshot, it is expected that the candidate configurations should at least
encompass all the bounds of the physical DVs. The advantage of using a POD-based
geometry reduction is that, during this initial stage itself, the designer can bias the
ensemble to reflect the best configurations by augmenting it with the better designs
found in previous analyses. A so-called fitness matrix of the configurations is also
maintained, which keeps track of the performance characteristics of each configuration
in the snapshot.
During the subsequent optimization run, when a better performing new configuration
is found, the most unfit of the parents is replaced with the new healthier configuration. When the process repeats iteratively, it is clear that the overall health of the
parent population increases, and since the dominant POD modes are derived from this
healthier population, the entailing children configurations obtained by linear superposition of the POD modes have a good probability of inheriting better genes. In the
event of continued absence of a better child configuration, some elements of the parent
population can be changed in an attempt to span the domain in a better way, albeit
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at the cost of additional function evaluations needed for determining the health of new
candidates in snapshot.
2. Optimizer
The optimizer performs the actual task of finding the optimum design. However, it
should be noted that since the optimizer with POD-EA scheme has a fewer number of
POD coefficients as its DVs, it works in a much more robust way than the conventional
optimizer without the POD-EA scheme. Also, since the POD snapshot population gets
healthier iteratively, the design domain region narrows, thus avoiding the unnecessary
analyses outside the focus area. The optimization criteria can be relaxed to find a
better population in an attempt for a faster convergence. This is compensated by
subsequent evolution of the POD snapshot, which increases the probability of finding
a global optimum.
3. Evolutionary Operators
As explained earlier, the over-dependence of the children configurations on the initial
snapshot necessitates the use of evolutionary techniques for creating a better parent
ensemble. Hence, the unfit parents in the snapshot are iteratively replaced with the
healthier next-generation configurations. In case of repeated failure to obtain a healthier design, or for achieving a better spanning of the design domain, a designer can
choose to manually alter the parent population. The updated population, however,
needs to be within the bounds posed on the physical DVs, and also requires additional
function evaluations to determine the fitness values.
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4. Innovative Convergence Criterion
The POD-EA scheme is an approximation, wherein the new geometry parameters are
obtained by linear combination of geometry parameters of the parent snapshot ensemble. When the parent ensemble becomes increasingly healthy, the design domain
narrows iteratively, and emergence of trends in the physical DVs becomes evident.
The number of dominant POD modes needed for approximating this highly repetitive
snapshot thus effectively decreases, since a majority of the parents display a pattern
that is repeated throughout the ensemble. This phenomenon can be used as an innovative convergence criterion for the optimization. When the first POD mode alone
contributes more than 99.9% towards the reconstruction of the snapshot ensemble, it
can be safely assumed that the ensemble reflects a trend of being closely near-optimum.

4.3.2

Advantages of POD-EA Hybrid Optimization Framework

The hybrid optimization framework explained herein derives its robustness from combining
the advantages of POD-RODS scheme and the evolutionary algorithm, while attempting to
overcome their shortcomings. Some of the advantages of this framework are listed below.

1. With the POD-based reduced order geometry parameterization scheme, the current
strategy significantly reduces the total number of DVs needed to span the design domain effectively. This reduced number of DVs results into simplifying the overall
optimization problem setup.
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2. The designer can inject his/her engineering knowledge into the optimization setup by
building the parent snapshot ensemble based on the past experience. This gives a
designer a better control on the optimization process.
3. In case the designer lacks a good knowledge of the design domain, a better spanning
is still achieved through the iterative evolution of the parent snapshot. As the parent
snapshot continues getting healthier, the subsequent POD modes and the children
configurations become healthier as well.
4. Combining an optimizer with the POD-EA scheme, lesser number of analyses are
required for effective domain exploration, and a faster convergence can be achieved.

4.3.3

Limitations of POD-EA Hybrid Optimization Framework

Although the POD-EA hybrid optimization framework offers numerous benefits for an efficient optimization process, the users should be aware of certain shortcomings of this framework, as listed below.

1. In case of lack of a priori knowledge of the design space, it is advised that the snapshot
ensemble should encompass the entire design domain thoroughly. Such a snapshot
ensemble with inherent vast variations in DVs typically exhibits a more even distribution of energy concentration amongst the POD modes. Hence, larger number of
POD modes are required to form a reduced basis, thereby limiting the order reduction
advantage of POD-RODS scheme.
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2. In the initial snapshot ensemble building process, if ’bad’ designs dominate the ensemble, the reduced basis formed from such bad designs may not reflect the contribution
from ’good’ designs, and hence such good designs may get truncated out of the POD
modes.
3. As the snapshot ensemble evolves over the iterations of optimization process, bad designs are removed from the ensemble. Thus the information; albeit being representative
of bad designs, is removed from the ensemble. No new information is added to the
ensemble over the optimization process, since the new designs are a product of the
basis formed from narrowing ensemble.
4. The POD-EA algorithm progresses by evolving snapshot ensemble and forming a new
basis at each iteration. When coupled with an optimization method, (such as PSO
in the current effort), this introduces discontinuity in the physical design variables.
Since the snapshot may not change drastically from one iteration to the other, the
introduction of discontinuity is limited; however, effects of such a discontinuity in
design variables on convergence of the optimization process remain to be studied.

The overall technical objective of this effort was thus to develop a hybrid design optimization
environment, with a reduced order design scheme based on the POD technique coupled with
the evolutionary algorithm. Upon development of such a framework, it was implemented to
demonstrate its shape design capability and computational efficiency on a supersonic fixed
wing tailless configuration, as explained in forthcoming chapter 5.
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Chapter 5

Shape + Sizing Optimization of STAV
Wing using Hybrid Optimization
Framework

5.1

Wing Design Optimization of a Supersonic Tailless
Air Vehicle

The Supersonic Tailless Air Vehicle (STAV) platform is an unconventional design concept,
hence it was estimated that for such a wing shape optimization, a large number of physical
shape DVs is needed if the direct geometry parameterization technique is employed. In
addition, the objective and constraint function evaluations using the empirical structural
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and aerodynamic equations based on a historical dataset may not be valid for such an
unconventional platform, thus rendering it an ideal platform for demonstration of the hybrid
optimization framework developed in this effort.
Following subsections describe the necessary components of the above-mentioned optimization framework, as well as the details of the STAV platform.

5.1.1

Details of the STAV Platform

The details that reflect the approximate geometric dimensions, weight characteristics and
mission specifications of a generic baseline STAV platform are shown in Fig. 5.1, while Table
5.1 gives the characteristic details of baseline STAV. It is to be noted that the generic baseline
STAV platform is quite closely comparable to the typical STAV platform, with ≈19,000 lb
of mission payload, and ≈2500 nautical miles (nmi) of mission radius.
Table 5.1: Geometric and performance parameters of Baseline STAV

Baseline STAV

Baseline STAV

Wing Span

88.33 ft

Airframe Weight

33,012 lb

Fuselage Length

164.0 ft

TOGW

229,337 lb

max t/c ratio

3.5%

Fuel Weight

124,845 lb

Take-Off Distance

9,713 ft

2.2 Mach Cruise Range

5,558 nmi

CD at 1G trim

0.0145
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Figure 5.1: Structural and Aerodynamic Models of STAV Platform
The aerodynamic characteristics mentioned in Table 5.1 are calculated using the ZEUS Euler
solver code. Fig. 5.2 shows the volumetric mesh used by ZEUS for the STAV platform, while
Fig. 5.3 shows the CP plot for 2.5-g pull-up maneuver at 2.2 Mach supercruise.

Figure 5.2: Volumetric Mesh for ZEUS Aerodynamic Calculations
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Figure 5.3: CP Plot for the baseline STAV 2.5-g pull-up maneuver at 2.2 Mach

5.1.2

Shape Design Variables

For the purpose of uniquely describing the geometry of the STAV wing, seven physical
shape design variables were selected which formed the elements of the snapshot matrix for
each wing, as shown in Fig. 5.4. These seven shape design variables are the wing-crank
chord length (cm ), wing-tip chord length (ct ), inboard wing leading edge sweep angle (Λin ),
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Table 5.2: STAV Physical Shape Design Variables

Shape DV

DV Name

Baseline

Lower

Upper

Bound

Bound

1

Wing-crank Chord Length (in)

360.0

150.0

1000.0

2

Wing-tip Chord Length (in)

135.0

50.0

800.0

3

Inboard wing Sweep Angle (deg)

68.2

0.0

80.0

4

Outboard wing Sweep Angle (deg)

45.0

0.0

80.0

5

Inboard Wing half-Span (in)

257.0

100.0

450.0

6

Outboard Wing half-Span (in)

225.0

100.0

450.0

7

Airfoil Thickness

100.0%

85.0%

125.0%

outboard wing leading edge sweep angle (Λout ), inboard wing semi-span (bin ), outboard
wing semi-span (bout ) and airfoil thickness-to-camber ratio (t/c). In order to keep the design
within a reasonable domain, side constraints are imposed on these seven physical shape
design variables. The baseline values as well as the lower and the upper bounds of the side
constraints are listed in Table 5.2.
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Figure 5.4: Physical Shape Design Variables for the STAV wing
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5.1.3

Definition of the Objective Function

Since the overall life-cycle cost of an aircraft is directly reflected by its operating weight,
the airframe weight of the STAV platform was selected as the objective for the optimization
study. In the current study, during each iteration the new STAV configuration is sized
for (i) 2.2 Mach 2.5-g pull-up maneuver loads (with a multiplication factor of 1.6), (ii) 2.2
Mach supercruise flutter suppression with 15% margin, and (iii) 1.2 Mach transonic flutter
suppression with 15% margin. The performace constraints are then calculated using the
sized platform, during each iteration.

5.1.4

Definitions of the Constraint Functions

The optimization setup was constrained to include aircraft performance constraints as well
as the physical constraints, as detailed below.

1. Range
Apart from the airframe weight, another important parameter that can influence the
design of an aircraft, especially for a non-civil platform, is its operating radius. Hence,
the range was selected as one of the constraint functions and was calculated for 2.2
Mach supercruise at 56,000 ft altitude, with constant airspeed and constant CL , using
Breguet’s range equation given in Eq. (3.1a). The aerodynamic coefficients for STAV
in Eq.(3.1a) are provided by 1-g STAV trim analysis using ZEUS. Also, during each
iteration, the fuel weight is updated in accordance with the new wing-shape, so as to
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reflect a realistic fuel capacity and range.
2. Take-off Distance
Eq. (3.2c) gives the equation for the take-off distance used. For STAV platform, the
thrust at zero airspeed (T0 ) is assumed to be 38,000 lbf per engine. In accordance with
the safety measures, the takeoff distance is actually calculated assuming one engine
failure, with only one engine running. All the aerodynamic coefficients in the takeoff
distance equations are provided by relevant ZEUS runs.
3. The Static Margin at Cruise Condition
The Static Margin (SM) is one of the most important stability constraints involved in
aircraft design and must be imposed in the shape optimization to ensure the stable
operation of the aircraft. The equation used to calculate SM is as given in Eq. (3.5).
For STAV, the static margin constraint can be relaxed as shown in Table 5.3, since the
STAV platform is designed to be able to ‘fly-by-wire’ which allows it to be statically
unstable. It should be noted that the current optimization problem only considers
the static margin at the supersonic cruise condition as a constraint (with aerodynamic
center approximately at half-chord location). Although not included in the current
study, the subsonic static margin (wherein, the aerodynamic center is approximately
at quarter-chord location) can become a critical factor in the wing design, and hence
it is typically included as an additional constraint in wing optimization studies.
4. Maximum Trailing X-Location (Xmax ) to Avoid Ground Contact During Take-Off
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This constraint was enforced (similar to GBJ Wing optimization of Chapter 3) to
prevent the optimizer from designing high-sweep and large-span wings in order to
avoid the ground contact during take-off. The constraint enforced is

Xmax < Xmaxcritical

(5.1)

Table 5.3 summarizes the STAV-wing optimization problem statement. The lower bound of
the cruise range (5,558 nmi) reflects the range of the baseline STAV model implying that
the range performance of the optimized configuration must be maintained or improved over
the baseline configuration.
Table 5.3: The Optimization Problem Statement and Constraint Functions

Minimum Airframe Weight
Function Evaluation

OBJ

Airframe Weight

X

CON

Lower Bound

Upper Bound

-

-

Range

X

5,558 nmi

-

SM

X

-0.1

0.25

XTT

X

1,968.0 in

2,400 in

T/O Dist.

X

-

14,000 ft
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5.2

Results and Discussion

To demonstrate the effectiveness of the developed hybrid optimization strategy, three different wing design optimization studies were performed on the STAV platform. Following
subsections describe the comparison of these three optimization problems. In the first optimization problem, the airframe weight of the STAV platform is minimized using particle
swarm optimization method, without employing the order reduction technique of PODRODS scheme. Thus, 7 geometric parameters are directly employed as the design variables
by the particle swarm optimization method. The second optimization problem aims at
achieving the same objective (subjected to the same constraints as in optimization problem
1), but additionally, attempting a better design domain exploration using the POD based
order reduction scheme. The third optimization problem employs the Evolutionary Algorithm in conjunction with the POD-based order reduction technique. Both second and third
optimization problems employ reduced order POD coefficients as the design variables for
the particle swarm optimization method. Furthermore, for comparison purposes, the maximum number of function evaluations is limited to 2000, thus providing a common means to
compare the optimum achieved by the three problems (i.e. within 2000 function evaluations).

5.2.1

Airframe Weight Minimization 1: Without POD-RODS

Figure 5.5 displays the optimized STAV configuration (shown by the blue lines) and the
baseline STAV configuration (shown by the green lines) for comparison. Table 5.4 presents
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the seven shape design variables of the optimized STAV configuration and the baseline STAV
platform. It can be seen that the optimized STAV has smaller inboard and outboard wing
semi-spans, a comparable inboard wing sweep angle but significantly bigger outboard wing
sweep angle, and considerably larger chord-lengths for inboard and outboard wings. The
objective function and constraint functions’ results of the weight-optimized and the baseline
STAV are presented in Table 5.5. It should be noted that the optimized configuration
satisfied all the strength and utter constraints imposed during the sizing optimization within
ASTROS.
Table 5.4: Non-POD Optimum Shape Design Variables for Minimum Airframe Weight

Shape Design Variables

Baseline

Optimum

Wing-crank Chord Length (in)

360.0

876.6

Wing-tip Chord Length (in)

135.0

500.0

Inboard wing Sweep Angle

68.2◦

67.6◦

Outboard wing Sweep Angle

45.0◦

70.0◦

Inboard Wing half-Span (in)

257.0

200.0

Outboard Wing half-Span (in)

225.0

108.3

Airfoil Thickness

100.0%

100.0%

The airframe weight of the optimized STAV is 31,292 lb; a reduction of 1,720 lb from 33,012
lb of the baseline weight. The range of the optimized STAV is also improved by more than
300 n. miles. Following factors govern these improvements:
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1. Since the overall span is considerably reduced, and the wing-crank chord and wing-tip
chord are significantly enlarged, the wing sub-structure can withstand the bending and
torsion loads effectively. Also, these two factors provide a favorable mass and stiffness
distribution on the wing for flutter prevention.
2. The cruise range of the optimized platform is improved by more than 300 n. miles
because of the increased fuel capacity in the wing, combined with a slightly decreased
drag at the cruise condition (from 0.0145 to 0.0132). The increased wing area gives a
net increased fuel volume in the wing.
Table 5.5: Objective and Constraint Function Results for Non-POD Optimized STAV
Baseline

Optimum

Airframe Weight (lbf)

33,012

31,292

Fuel Weight (lbf)

124,845

131,936

Range (nmi)

5,558.9

5,882.4

Stability Margin

0.0441

0.0096

XTT (in)

1,968.0

2,195.8

T/O Distance (ft)

9,713.3

12,963.2

CD at 1G Cruise

0.0145

0.0132

Wing Area (sq.ft.)

3,438.5

3,826.8

L/D at 1G Cruise

6.69

6.55

D/q at 1G Cruise

49.858

50.513

1G Trim Angle of Attack (deg)

3.28

3.52
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Figure 5.5: Non-POD Optimized STAV Configuration for Minimum Airframe Weight
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5.2.2

Airframe Weight Minimization 2: With Only POD-RODS

As mentioned in Section 4.3, the initial parent population snapshot consists of candidate
configurations chosen by the designer based on experience and engineering judgment. In
the current study, the initial snapshot is comprised of 22 designs deemed suitable for the
airframe weight minimization problem. This initial parent snapshot is presented in Table
5.6, wherein, the first 7 columns represent 7 physical DVs for each of the 22 designs, while
8th column represents normalized weight.
After performing the POD-based order reduction on the snapshot, it was found that the
first 3 POD modes contributed more than 99.8% towards the ensemble regeneration. Figure
5.6 shows some of the configurations that were obtained with the help of 3 POD coefficients
for the corresponding 3 POD modes. It is thus seen that, as a starting point of this study,
the number of DVs for the design optimization of STAV platform is effectively reduced from
7 physical DVs to only 3 POD coefficients which act as the new DVs for the optimization
problem.
The optimized STAV configuration (shown by the blue lines) and the baseline STAV configuration (shown by the green lines) are displayed together in Fig. 5.7 for comparison. The
solutions of the seven physical shape design variables of the optimized STAV configuration
and those of the baseline STAV are listed in Table 5.7. The optimized STAV has smaller inboard and outboard wing semi-spans, a slightly bigger outboard wing sweep angle (increased
from 45.0 degrees to 49.6 degrees) and larger chord-lengths for inboard and outboard wings.
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Table 5.6: Initial Parent Snapshot
Design
cm

ct

Λin

Λout

bin

bout

t

W/WBaseline

1

360.0

135.0

68.024◦

45.0◦

257.004

225.0

1.0

1.0

2

885.5

87.2

59.3◦

52.6◦

221.6

143.0

0.87

1.0007

3

777.1

43.1

62.2◦

51.6◦

255.1

179.7

0.96

1.0062

4

621.1

380.9

54.6◦

39.9◦

294.1

177.1

1.012

1.0133

5

363.5

50.2

62.1◦

43.1◦

292.9

240.7

1.058

1.0144

6

695.4

50.0

59.4◦

25.9◦

234.3

187.3

1.065

1.0144

7

876.6

499.9

61.5◦

69.7◦

200.0

107.3

1.001

1.0173

8

414.1

130.1

64.1◦

46.0◦

284.4

230.6

1.054

1.0241

9

652.3

328.9

50.5◦

40.3◦

300.1

181.1

1.019

1.0259

10

794.5

383.1

65.3◦

57.3◦

211.1

142.7

0.902

1.0262

11

396.0

135.0

68.0◦

45.0◦

257.0

225.0

1.000

1.0285

12

621.1

374.6

54.2◦

40.2◦

297.5

179.3

1.020

1.0351

13

400.0

150.0

58.0◦

70.0◦

380.0

100.0

1.150

1.0364

14

857.3

341.0

52.5◦

41.3◦

283.5

168.2

1.005

1.0459

15

590.3

354.4

52.7◦

40.5◦

307.7

186.3

1.039

1.0484

16

676.5

208.9

68.5◦

35.8◦

240.5

207.6

1.148

1.0561

17

663.5

337.1

51.9◦

41.5◦

310.9

187.8

1.054

1.0631

18

655.1

338.0

52.0◦

41.6◦

313.1

189.3

1.059

1.0632

19

476.8

407.5

56.2◦

39.1◦

300.3

182.2

1.017

1.0679

20

291.1

460.1

52.9◦

36.4◦

427.6

78.70

1.199

1.0693

21

496.7

375.2

53.8◦

39.8◦

308.9

187.9

1.035

1.0734

22

730.7

280.7

47.6◦

42.2◦

316.3

191.2

1.063

1.0762

No.
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(a) Snapshot 1

(b) Snapshot 2

(c) Snapshot 3

(d) Snapshot 4

(e) Snapshot 5

(f) Snapshot 6

(g) Snapshot 7

(h) Snapshot 8

(i) Snapshot 9

(j) Snapshot 10

(k) Snapshot 11

(l) Snapshot 12

(m) Snapshot 13

(n) Snapshot 14

(o) Snapshot 15

Figure 5.6: STAV Configurations Created with 3 POD Coeff. during PSO Optimization
100

Chapter 5 - STAV Wing Optimization
Table 5.8 presents the objective function and constraint function results of the optimized
STAV for minimum airframe weight along with those of the baseline STAV for comparison.
Again, the optimized configuration satisfied all the strength and flutter constraints imposed
during the sizing optimization within ASTROS. The airframe weight of the optimized STAV
reduces from 33,012 lb of the baseline weight to 30,750 lb, achieving a 2,262 lb weight
reduction. Furthermore, a slight increase in range is also achieved.

Table 5.7: POD-RODS Optimum Shape Design Variables for Minimum Airframe Weight

Shape Design Variables

Baseline

Optimum

Wing-crank Chord Length (in)

360.0

673.9

Wing-tip Chord Length (in)

135.0

182.5

Inboard wing Sweep Angle (deg)

68.02

59.9

Outboard wing Sweep Angle (deg)

45.0

49.6

Inboard Wing half-Span (in)

257.0

228.3

Outboard Wing half-Span (in)

225.0

163.8

Airfoil Thickness

100.0%

89.8%

It is believed that this optimized STAV configuration is a result of the following factors:

1. Majorly reduced overall span, combined with the increased wing-crank and wing-tip
chord allow a thinner wing sub-structure to sustain the design loads, thereby rendering
a 2,262 lb weight reduction. Again, these two factors provide a favorable mass and
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stiffness distribution on the wing for flutter prevention.
2. The cruise range constraint (greater than 5,558 miles) is satisfied because of the larger
fuel volume in the wing with a slightly decreased drag at the cruise condition (from
0.0145 to 0.0128). The increased fuel volume is because of the slightly increased wing
area that gives a net increased fuel volume in the wing.
Table 5.8: Objective and Constraint Function Results for POD-RODS Optimized STAV

Baseline

Optimum

Airframe Weight (lbf)

33,012

30,750

Fuel Weight (lbf)

124,845

125,194

Range (nmi)

5,558.9

5,702.7

Stability Margin

0.0441

-0.0606

XTT (in)

1968.0

1968.0

T/O Distance (ft)

9,713.28

10,332.9

CD at 1G Cruise

0.0145

0.0128

Wing Area (sq.ft.)

3,438.6

3,839.2

L/D at 1G Cruise

6.69

6.76

D/q at 1G Cruise

49.858

49.142

1G Trim Angle of Attack (deg)

3.27

2.77
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Figure 5.7: POD-RODS Optimized STAV Configuration for Minimum Airframe Weight
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5.2.3

Airframe Weight Minimization 3: With POD-EA Scheme

The third optimization problem combines POD-RODS scheme of subsection 5.2.2 with the
evolutionary algorithm technique of fitness-based snapshot retention and modification. Once
again, the initial snapshot comprised of 22 designs, same as in Table 5.6 with 3 sufficient
POD modes. During the overall optimization, the snapshot was iteratively updated, with a
new design having relatively better health (i.e. lower weight) replacing the most unfit design.
It can be seen in Table 5.10 that at the 50th iteration, the entire original snapshot has been
replaced with newer designs (designated by a ‘*’) having better health. Furthermore, certain
trends can also be spotted in the physical DVs, thereby signifying that the narrowing down
of the design domain with the help of evolutionary algorithm strategy.
Table 5.9: POD-EA Optimum Shape Design Variables for Minimum Airframe Weight

Shape Design Variables

Baseline

Optimum

Wing-crank Chord Length (in)

360.0

682.7

Wing-tip Chord Length (in)

135.0

394.4

Inboard wing Sweep Angle (deg)

68.02

55.9

Outboard wing Sweep Angle (deg)

45.0

52.5

Inboard Wing half-Span (in)

257.0

228.5

Outboard Wing half-Span (in)

225.0

163.3

Airfoil Thickness

100.0%

97.2%
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Table 5.10: Snapshot at Iteration 50 of Optimization Study 3
Design
cm

ct

Λin

Λout

bin

bout

t

W/WBaseline

1*

682.7

394.4

55.9◦

52.4◦

228.5

163.3

0.97

0.9149

2*

596.9

61.0

56.8◦

52.5◦

270.9

159.7

0.95

0.9206

3*

587.5

87.9

55.7◦

51.6◦

266.7

159.5

0.95

0.9282

4*

586.1

88.9

56.3◦

52.2◦

268.9

156.5

0.94

0.9294

5*

630.0

208.8

56.4◦

51.3◦

258.6

167.9

0.96

0.9383

6*

620.3

222.0

55.0◦

49.9◦

252.2

165.9

0.95

0.9389

7*

528.7

66.9

55.8◦

52.3◦

283.0

150.1

0.93

0.9393

8*

525.6

74.0

56.2◦

52.6◦

288.2

152.9

0.94

0.9394

9*

826.5

368.1

60.1◦

57.6◦

222.4

139.7

0.95

0.9411

10*

831.0

418.9

61.3◦

60.3◦

221.7

140.9

0.99

0.9425

11*

592.9

85.6

56.2◦

51.9◦

268.8

160.9

0.96

0.9429

12*

683.5

412.8

54.8◦

48.7◦

233.3

177.0

0.96

0.9435

13*

644.7

244.1

56.6◦

51.3◦

255.8

170.2

0.97

0.9440

14*

629.1

174.4

55.6◦

50.4◦

261.7

170.6

0.97

0.9445

15*

626.1

163.0

56.2◦

51.0◦

261.5

168.2

0.97

0.9453

16*

649.9

290.8

55.0◦

49.2◦

248.3

172.9

0.96

0.9462

17*

523.2

97.8

56.4◦

53.0◦

288.5

149.7

0.94

0.9464

18*

649.2

259.3

55.8◦

50.2◦

253.9

173.1

0.97

0.9472

19*

530.9

143.9

56.4◦

53.1◦

286.3

149.5

0.94

0.9475

20*

660.3

355.9

54.3◦

48.2◦

240.8

174.8

0.96

0.9482

21*

549.5

148.2

57.0◦

53.6◦

284.7

151.9

0.95

0.9485

22*

536.6

142.0

56.9◦

53.5◦

288.5

151.0

0.94

0.9497

No.
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Upon POD analysis of the snapshot in Table 5.10, it was seen that only 2 POD coefficients
were now sufficient to represent 7 geometric DVs. When the snapshot further becomes highly
repetitive, only 1 POD coefficient will be sufficient, thus showing that the design domain is
narrowed to the vicinity region of the best-encountered design. This in fact can be used as
innovative criterion to signify convergence.
Figure 5.8 shows the weight-optimized STAV configuration of POD-EA scheme, while Tables
5.9 and 5.11 show the geometric and performance details of the optimized STAV.
Table 5.11: Objective and Constraint Function Results for POD-EA Optimized STAV

Baseline

Optimum

Airframe Weight (lbf)

33,012

30,202

Fuel Weight (lbf)

124,845

131,881

Range (nmi)

5,558.9

5,667.0

Stability Margin

0.0441

-0.095

XTT (in)

1968.0

1968.0

T/O Distance (ft)

9,713.28

10,517.1

CD at 1G Cruise

0.0145

0.0129

Wing Area (sq.ft.)

3,438.6

4,104.2

L/D at 1G Cruise

6.69

6.44

D/q at 1G Cruise

49.858

52.944

1G Trim Angle of Attack (deg)

3.27

2.80
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The STAV platform optimized using POD-RODS + EA achieves a total airframe weight
reduction of 2,810 lb. Utilizing the same number of function evaluations, POD + EA scheme
thus drives an additional weight reduction of 1,090 lb over the non-POD optimum STAV
platform, and 548 lb over the POD-based optimum.
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Figure 5.8: POD-EA Optimized STAV Configuration for Minimum Airframe Weight
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Summary and Conclusions

6.1

Summary and Conclusions

In summary, the overall objective of this research effort was to develop an innovative multifidelity multi-disciplinary design, analysis and optimization suite that integrates different
commercially available multi-physics solution codes, along with certain newly developed innovative tools, thereby improving the optimization process. The research work performed
herein was hence divided into two broad parts: (1) the development of a truly multidisciplinary optimization framework by synergistic integration of physics-based computational codes of variable fidelity, and (2) enhancements to such a multi-disciplinary optimization framework by incorporating innovative features that extend its robustness.
In the first part of this research effort, a prototypical multi-fidelity, multi-strategy and multidisciplinary design and optimization environment (M3 DOE) was developed and demon109
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strated for its synergistic shape and sizing optimization capability on a Generic Business
Jet (GBJ) model. The M3 DOE consists of an optimizer and a function evaluation process. VisualDOC was selected as the optimizer because of its suite of optimization methods
including the gradient-based, non-gradient based and response surface optimization methods. The function evaluation process is driven by a MATLAB wrapper that can launch
jobs smartly to execute a series of analysis codes synergistically. This wrapper also receives
the shape design variable information from the optimizer and feeds back the objective and
constraint function evaluations to the optimizer. It also extracts the desired responses from
the output files of the upstream analysis codes and assembles the updated input files for the
next downstream analysis codes. Meanwhile, at each design point the MATLAB wrapper
maintains a database within which the solutions of the analysis codes involved in the process
are saved. The MATLAB wrapper is parallelized to simultaneously execute the function
evaluation process for many design points in multiple computer processors.
The analysis codes utilized in the function evaluation process include ZLINK for shape
design variable linking, ZMORPH for morphing structural finite element model, ASTROS for
structural sizing optimization including aeroelastic constraints, and ZEUS for aerodynamic
and trim analyses using Euler solver with boundary layer coupling capability. ASTROS and
ZEUS provide the high fidelity structural and aerodynamic solutions. Their computational
meshes can be automatically generated by ZMORPH and ZLINK, respectively. Owing to
the parameterized macroelement input of ZEUS and ZMORPH, the ASTROS FEM and
ZEUS mesh generations are defined by the same set of shape design variables and thereby
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are directly driven by the optimizer.
Four shape design variables, viz. the wing tip chord, wing sweep angle, wing half span
and the airfoil thickness ratio, were selected to optimize the GBJ model while subjected to
performance, stability, and physical constraints. Two optimization studies were performed;
one study optimized for the minimum dry weight and the other optimized for the maximum
cruise range as the objective function. To calculate those objective function and constraint
functions for the GBJ model, the function evaluation process performs one ZMORPH analysis, two ASTROS analyses and four ZEUS analyses to compute the weight as well as the
lift, moment and drag coefficients and their stability derivatives at cruise, take-off and taxi
conditions. Because of the computational efficiency of ASTROS and ZEUS (using the parallelized Euler solver), the CPU time of the function evaluation process at one design point
is considerably smaller.
In the initial phase of the optimization study, it was immediately found that the gradientbased method failed to find a global optimal solution and the shape design variables moved
minimally away from their initial values. The optimization method was then switched to
the particle swarm optimization (PSO) method that is generally better suited for finding
a global best-performing solution. Because of the parallelized function evaluation process
being executed in 24 processors, within four days more than fifteen hundred solutions were
generated among which PSO found a global best-encountered GBJ configuration.
The optimized GBJ configuration for minimum dry weight, when compared to the baseline
GBJ, had a smaller wing tip chord, a thicker airfoil section and a slightly reduced wing
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sweep angle. An 11.2 % of weight reduction was achieved while all constraints are satisfied.
It is believed that the thicker airfoil section served to increase the wing fuel volume for
satisfying the cruise range constraint and to provide better bending-moment resistance to
the structure. The smaller wing tip chord helped reduce the aerodynamic loads near the
wing tip which decreased the wing root bending and torsion moments. The thicker airfoil
section and the smaller wing tip chord together allowed a thinner wing skin to sustain the
design loads and to prevent flutter for a minimum dry weight design.
The optimized GBJ configuration for maximum cruise range had a larger wing span, a thicker
airfoil section, and a nearly unchanged sweep angle. A 2025-miles increase of cruise range
was achieved due to the increased fuel volume in the wing and the reduced drag at cruise
condition. The reduced drag, in part, was a result from a favorable pitch-down deformed
wing structure under the one-G trim loads that decreased the transonic shock strength;
thereby significantly reducing the transonic wave drag. The ZEUS solutions and meshes at
several design points generated by PSO during the computation were examined. All ZEUS
solutions agreed with the fluid physics, verifying the reliability of these two optimized GBJ
configurations.
Thus, the GBJ optimization study was performed as a demonstration of developed M3
DOE, using a two-layer optimization strategy, wherein; the performance, stability and physical constraints were imposed in an outer optimization layer and the structural constraints
were satisfied by the ASTROS structural sizing in an inner optimization layer. Although
it has not been demonstrated in the current effort, the multi-strategy capability of the M3
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DOE does allow the designer to include all constraints including structural strength, flutter, performance, stability and physical constraints in the outer optimization layer and to
perform a one-layer optimization. The dynamic aeroelastic solutions such as flutter and
dynamic loads for structural sizing can be computed by using either the low fidelity ZAERO
(ZONA6/ZONA7) panel method, the medium fidelity ZTRAN method or the high fidelity
ZEUS unsteady Euler solver; providing a multi-fidelity aerodynamic capability to the M3
DOE.
Apart from the above-mentioned advantages of M3 DOE, certain shortcomings of this optimization framework also became evident. The optimization study of the GBJ wing revealed
the necessity of using a non-gradient based optimization method owing to the presence of
a complex design domain. Due to the use of a probability search algorithm, the computational time of such PSO method grew exponentially as the number of shape DVs increased.
Although M3 DOE has a rapid function evaluation capability by parallel computation, it
still required a four-day computation using 24 computer processors to find the global bestencountered solution. The necessity of using a non-gradient based optimization method and
employing many geometry parameters as the shape DVs for an air vehicle design indicated
that the computational time of such a shape optimization may become unacceptably costly.
This called for an innovative design methodology to drastically reduce the number of shape
DVs while maintaining the generality of the design-space that can encompass all possible
solutions including conventional and unconventional configurations.
Based on the shortcomings exhibited by M3 DOE, the second part of this overall research
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effort focused on further enhancing the developed MDAO environment of M3 DOE with a
reduced order design-space scheme based on the Proper Orthogonal Decomposition technique, that can significantly reduce the number of shape DVs. In conjunction with this
POD-RODS scheme, an evolutionary algorithm technique of fitness-based retention was also
employed to improve the optimization process. The function evaluation process of M3 DOE
formed the inner core of this new hybrid optimization framework, the robustness of which
was demonstrated on wing shape + sizing optimization problem of a Supersonic Tailless Air
Vehicle (STAV) platform.
The POD method, when given a set of designs or ’snapshots’, calculates a set of optimal
basis solutions that facilitate representing the domain under consideration with the help
of corresponding POD modes and POD coefficients. This set is optimal in the sense that
the least square error between the original snapshot ensemble and its reconstruction in the
space spanned by the POD modes is minimal. The snapshot ensemble, which comprises of
design variables as its columns and unique designs as its rows; is constructed by the designer
based on his/her previous experience and knowledge. In the current optimization framework,
proper orthogonal decomposition of the design variable snapshots is carried out using Singular Value Decomposition for the purpose of order reduction. Once the snapshot ensemble of
physical design variables is decomposed into POD modes and POD coefficients, the (considerably smaller number of) POD coefficients act as the new design variables, thereby achieving
the order reduction. This POD-based design space order reduction technique offered many
benefits to the hybrid optimization framework herein, such as (1) significant reduction in
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the total number of design variables, (2) a simple yet efficient geometry parameterization
technique, and (3) an opportunity for designer to induce his/her knowledge and experience
in the design process. However, the POD-RODS technique also presented certain shortcomings, such as (1) inability to weed out bad performing designs over the span of optimization
process, and (2) over-dependence of newer designs on the same initial snapshot ensemble,
which may have unhealthy designs.
These limitations of POD-RODS scheme prompted the development of an evolutionary algorithm that introduced a fitness driven strategy for updating the snapshot ensemble in
the optimization process. In this strategy, the fitness of the parent population (based on
their performance and suitability for the design objectives) is determined, and the unhealthy
parent population is iteratively replaced by the healthier next-generation population. This
ensures that the overall health of the snapshot ensemble improves subsequently, and hence,
the newer designs, generated by implementing the POD-RODS scheme on this healthier parent population, are better suited for the design objectives. The evolutionary algorithm, when
implemented in conjunction with the POD-RODS scheme, also offers a gradual narrowing
of the design domain as exhibited by the formation of patterns in the snapshot ensemble.
When the snapshot ensemble becomes highly repetitive and trends emerge in the design
variables, only a few (typically 1-2) POD modes suffice to regenerate the complete ensemble.
This phenomenon can be used as an innovative convergence criterion. In this way the hybrid
optimization strategy offers a multitude of benefits for enhancing the overall optimization
process.

115

Chapter 6 - Summary and Conclusions
The effectiveness of the developed hybrid optimization framework was demonstrated by
performing three different shape + sizing optimization studies on the STAV platform. During
these optimization studies, the snapshot ensemble’s columns contained 7 design variables,
while 22 unique designs (thoroughly dispersed in the design domain under consideration)
formed the rows of parent snapshot matrix. The seven design variables used were: the
wing tip chord, wing leading edge sweep angle, and wing span for each of the two wingsubsections for STAV, and the airfoil thickness ratio. The function evaluation process used
and the constraints imposed were similar to those in the GBJ optimization carried out
using M3 DOE. In the first optimization problem, the airframe weight of the STAV platform
was minimized using particle swarm optimization method, without employing the order
reduction technique of POD-RODS scheme. The second optimization problem again aimed
at minimizing the airframe weight, but additionally, attempting a better design domain
exploration using the POD based order reduction scheme. The third optimization problem
employed the Evolutionary Algorithm in conjunction with the POD-based order reduction
technique. For comparison purposes, the maximum number of function evaluations in each
of the three problems was limited to 2000, thus providing a common means to compare the
best-encountered designs found.
It was observed that the first optimization problem achieved a weight saving of 1720 lb.
over the baseline STAV configuration while satisfying all the constraints. When the PODRODS scheme was employed in the second optimization problem with identical objectives
and constraints, it was seen that the best-encountered design achieved a total weight saving
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of 2262 lb.; a further weight reduction of 542 lb. when compared to the non-POD optimized
design. It was seen that the 3 POD modes were deemed dominant as they contained more
than 99% of the ensemble energy. In the third optimization problem (termed as PODEA optimization), the same snapshot ensemble of ’POD-only’ optimization was used as the
parent population, with 3 dominant POD modes. As the optimization process progressed,
this parent population was iteratively improved based upon the suitable fitness parameter.
At the end of 2000 function evaluations, it was observed that certain trends had evolved in the
design variables within the snapshot ensemble, and only 2 POD modes sufficed to regenrate
the snapshot, thus exhibiting narrowing of the design domain. The best-encountered design
found by the POD-EA scheme further reduced the airframe of the STAV configuration by
1,090 lb. as compared to the non-POD design, and 548 lb. as compared to the POD-only
design.
By combining the advantages of POD-based order reduction technique and the evolutionary algorithm, a robust multi-disciplinary optimization framework can thus be integrated
for conceptual aircraft design optimization. The effective time and resource management
capability of the developed framework was underlined by the significantly lighter aircraft
configuration found by such a framework from 2000 designs analyzed within slightly over
four days. It should however be noted that since the STAV wing optimization in this effort was not formulated as a multi-objective problem, none of the three optimal designs
dominates others, and hence neither is a Pareto-optimal design.
To conclude, the developed prototypical hybrid optimization framework conclusively showed
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promising potential. Such a robust framework may prove beneficial during the conceptual
design stages of an air platform development, where large number of configurations are
analyzed for identifying the best suitable platform. This will be even more advantageous for
development of non-conventional aircraft, for which the historic design-databases may not
be valid.

6.2

Future Work

It should be noted that M3 DOE and subsequently developed hybrid optimization framework
is not a complete stand-alone multidisciplinary optimization system because it currently lacks
other important disciplines such as propulsion, control, cost, acoustics, etc. By streamlining several analysis codes to construct a synergistic function evaluation process, which is
further augmented by many innovative methodologies for improving its robustness; the logical next step to continue this research effort is that this hybrid optimization framework
should be plugged into other more complete multidisciplinary optimization systems such as
those being under development by NASA and industry for many years. In these complete
multidisciplinary optimization systems, the hybrid framework developed in this research can
efficiently provide the variable fidelity structural and aerodynamic solutions to the objective
and constraint functions of a complete shape and sizing optimization for air vehicle design.
Furthermore, to facilitate the on-demand addition of such variety of disciplines of interest while improving the ease of collaboration amongst designers, a centralized integration
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framework can be adopted. It would also be beneficial for designers to be able to build the
parent snapshot ensemble visually, using a graphical software. Also, to further improve the
design domain spanning capability of POD-EA scheme, other evolutionary techniques such
as crossover, mutation, etc. can be added.
It is worthwhile to mention that the hybrid optimization framework developed herein is
further being enhanced under a NASA SBIR Phase I + II effort with NASA Langley Research Center, VA. Some of the planned developments/ enhancements include: Integration
with NASA’s optimization framework using Phoenix Integration’s ModelCenter software,
coupling of POD-EA scheme with NASA’s Vehicle Sketch Pad to visually generate parent
snapshot ensemble, and addition of NASA’s sonic boom analysis code sBOOM in the overall
optimization process.
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